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A B S T R A C T

To apply the latest computer vision techniques that require a large computational cost in real industrial
applications, knowledge distillation methods (KDs) are essential. Existing logit-based KDs apply the constant
temperature scaling to all samples in dataset, limiting the utilization of knowledge inherent in each sample
individually. In our approach, we classify the dataset into two categories (i.e., low energy and high energy
samples) based on their energy score. Through experiments, we have confirmed that low energy samples exhibit
high confidence scores, indicating certain predictions, while high energy samples yield low confidence scores,
meaning uncertain predictions. To distill optimal knowledge by adjusting non-target class predictions, we apply
a higher temperature to low energy samples to create smoother distributions and a lower temperature to high
energy samples to achieve sharper distributions. When compared to previous logit-based and feature-based
methods, our energy-based KD (Energy KD) achieves better performance on various datasets. Especially, Energy
KD shows significant improvements on CIFAR-100-LT and ImageNet datasets, which contain many challenging
samples. Furthermore, we propose high energy-based data augmentation (HE-DA) for further improving the
performance. We demonstrate that higher performance improvement could be achieved by augmenting only
a portion of the dataset rather than the entire dataset, suggesting that it can be employed on resource-limited
devices. To the best of our knowledge, this paper represents the first attempt to make use of energy function
in knowledge distillation and data augmentation, and we believe it will greatly contribute to future research.
1. Introduction

In recent years, computer vision has witnessed significant advance-
ments, notably in areas like image classification [1,2], object detec-
tion [3,4], and image segmentation [5,6], primarily driven by the
emergence of deep learning. However, the high-performance require-
ments of these deep learning models have led to their substantial
size, resulting in significant computational costs. This poses challenges
for practical deployment in real-world industries. To address these
limitations, model compression methods, including model pruning [7],
quantization [8], and knowledge distillation (KD) [9], have been pro-
posed. Among these, KD stands out for its superior performance and
ease of implementation, making it widely adopted in various computer
vision applications. KD involves training a lightweight student model
by distilling meaningful information from a more complex teacher
model, enabling the student model to achieve performance similar to
that of the teacher model.

Since its introduction by Hinton [10], KD has evolved into two
main approaches: logit-based [11] and feature-based [12] distillation.
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Logit-based methods use final predictions for training the student, while
feature-based methods leverage information from intermediate layers.
Although feature-based methods are generally known to outperform
logit-based ones, they may be challenging to use in real-world appli-
cations due to potential privacy and safety concerns associated with
accessing intermediate layers of the teacher model. Hence, this paper
focuses on logit-based distillation, offering practical advantages for
real-world applications by not requiring access to intermediate layers.

We propose a novel logit-based distillation method designed for
easy integration into existing logit-based KDs. This method signifi-
cantly enhances performance by maximizing the utilization of teacher
knowledge by the students. As illustrated in Fig. 1, applying an energy
function to each image categorizes the entire dataset into low-energy
and high-energy samples. We then apply different temperature scaling
to the separated samples, employing high temperature for low-energy
and low temperature for high-energy samples. This approach results
in smoother distributions from low-energy samples and sharper dis-
tributions from high-energy samples, effectively adjusting non-target
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Fig. 1. Schematic diagram of conventional knowledge distillation and our method: (a)
constant temperature scaling, (b) different temperature scaling. Our method receives
the energy score of each sample from the blue dashed line.

class predictions for optimal knowledge distillation. Consequently, our
method significantly improves the performance of the student model.

In addition, we propose High Energy-based Data Augmentation (HE-
DA) to further enhance performance. Unlike previous augmentation-
based KD methods that apply augmentation to the entire dataset,
HE-DA achieves similar or even better performance by utilizing only
20% to 50% of the dataset, offering practical advantages in terms of
storage and computational cost.

Through extensive experimentation on commonly used classifi-
cation datasets, such as CIFAR-100 [13], TinyImageNet, and Ima-
geNet [14], we have verified that our proposed methods outper-
form existing state-of-the-art approaches, particularly demonstrating
strengths in the case of challenging datasets, such as CIFAR-100-LT and
ImageNet.

2. Related works

2.1. Knowledge distillation

Knowledge distillation (KD) is a technique used to enhance the
performance of lightweight student networks by leveraging the dark
knowledge embedded in large teacher networks. Over the years, KD
methods have evolved to narrow the performance gap between student
and teacher models by utilizing both final predictions, known as logits-
based distillation [10,11,15–17], and intermediate features, known as
features-based distillation [12,18–28].

Previous works on logits-based distillations include the following:
DML [15] proposed a mutual learning strategy for collaboratively
teaching and learning between student and teacher models; TAKD [16]
introduced a multi-step method with an intermediate-size network
2

(i.e., assistant network) to bridge the gap between teachers and stu-
dents; DKD [11] decomposed the soft-label distillation loss into two
components: target class knowledge distillation (TCKD) and non-target
class knowledge distillation (NCKD), enabling each part to indepen-
dently harness its effectiveness; Multi KD [17] proposed multi-level
prediction alignment, containing instance, batch, and class levels, and
prediction augmentation. While these approaches emphasize effective
knowledge transfer, they do not consider dividing entire datasets or
provide mechanisms to distinguish and transfer knowledge from spe-
cific samples.

FitNet [18] was groundbreaking as it leveraged not only the final
outputs but also intermediate representations. Since the introduction
of FitNet, various feature-based KD methods have emerged as follows:
AT [22] prompted the student to mimic the attention map of the
teacher network; PKT [19] employed various kernels to estimate the
probability distributions, employing different divergence metrics for
distillation; RKD [20] focused on transferring the mutual relations of
data samples; CRD [21] framed the objective as contrastive learning for
distillation; VID [23] took a different approach by maximizing mutual
information; OFD [24] introduced a novel loss function incorporating
teacher transform and a new distance function; Review KD [12] in-
troduced a review mechanism that leverages past features for guiding
current ones through residual learning. Additionally, they incorporated
attention-based fusion (ABF) and hierarchical context loss (HCL) to
further enhance performance.

More recently, several high-performing feature-based distillation
methods have emerged [25–28]. Unlike conventional feature-based
methods, which primarily rely on measuring model similarity using
isotropic L2 distance, FCFD [25] focused on optimizing the functional
similarity between teacher and student features. By considering the
anisotropic nature of neural network operations, FCFD ensured that
the student learns more effectively from the teacher. Z. Guo intro-
duced CAT-KD [26], which achieves both high interpretability and
competitive performance by transferring class activation maps. This
approach is grounded in the understanding that the CNN’s ability to
distinguish category regions is vital for its performance. J. Li proposed
LSH-TL [27], which utilizes two algorithms by applying teacher labels
and designing feature temperature parameters. This method addresses
the challenge of training data not aligning with the ground-truth dis-
tribution of classes and features. Lastly, SAKD [28] was presented,
employing the sparse attention mechanism by treating student features
as queries and teacher features as key values. It utilizes sparse attention
values through random deactivation to adjust the feature distances.

While feature-based methods have demonstrated superior perfor-
mance compared to logits-based ones, attributed to their ability to
leverage more information from intermediate layers rather than relying
solely on final predictions, they often present challenges in real-world
applications. This is due to privacy and safety concerns associated with
accessing the intermediate layers of the teacher model. Therefore, in
this paper, we shift our focus to logits-based distillation, which offers
practical advantages for real-world deployment. To achieve comparable
or even superior results to feature-based KDs, we introduce a novel
perspective to knowledge distillation: regulating knowledge transfer
based on the energy scores of samples.

Our method distinguishes itself from previous KD methods by its
compatibility with existing state-of-the-art methods. Unlike previous
approaches, which are often limited to standalone use and cannot
be easily combined with emerging methods, our approach seamlessly
integrates with various methods, providing potential for further perfor-
mance enhancement. Moreover, our method exhibits significant per-
formance improvements when confronted with challenging samples,
rendering it particularly suitable for real-world scenarios. The Energy-
based KD (Energy KD) proposed herein represents a significant ad-
vancement in the development of more effective and efficient knowl-
edge distillation techniques.
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2.2. Energy-based learning

Energy-based machine learning models have a long history, begin-
ning with the Boltzmann machine [29,30], a network of units with
associated energy for the entire network. Energy-based learning [31–
33] offers a unified framework for various probabilistic and non-
probabilistic learning approaches. Recent research [34] demonstrated
the use of energy functions to train generative adversarial networks
(GANs), where the discriminator utilizes energy values to differentiate
between real and generated images. Xie [35–37] also established the
connection between discriminative neural networks and generative
random field models. Subsequent studies have explored the application
of energy-based models in video generation and 3D geometric patterns.
Liu [38] demonstrated that non-probabilistic energy scores can be di-
rectly used in a score function for estimating out-of-distribution (OOD)
uncertainty. They show that these optimization goals fit more naturally
into an energy-based model than a generative model and enable the
exploitation of modern discriminative neural architectures.

Building upon these prior works, our proposed framework extends
the use of non-probabilistic energy values to knowledge distillation
and data augmentation. Notably, our framework provides different
knowledge for low energy and high energy samples, representing a
novel contribution.

3. Methods

3.1. Background

Our approach revolves around categorizing each sample in the
dataset into two groups: low-energy and high-energy groups. These
groups are determined by the energy function 𝐸(⋅), which maps the
input 𝐱𝑖, having dimension 𝑑, to a single, non-probabilistic scalar value.
(i.e., 𝐸(𝐱𝑖) ∶ R𝑑 → R) [31]. The representation of the energy function
with the neural network 𝑓 is as follows:

𝐸(𝐱𝑖; 𝑓 ) = −𝑇𝐸 ⋅ log
𝐾
∑

𝑗=1
𝑒𝑧

𝑓
𝑗 (𝐱𝑖)∕𝑇

𝐸
, (1)

where 𝑧𝑓𝑗 (𝐱𝑖) indicates the logit corresponding to the 𝑗 class label of
nput image sample 𝑖 using the neural network 𝑓 , 𝑇𝐸 is the temperature
arameter for the energy score, and 𝐾 denotes the total number of
lasses. Appendix C contains a list of all the symbols mentioned in this
aper.

The motivation behind segregating categories according to energy
cores is that we can regard input data with low likelihood as high-
nergy samples [39]. This can be achieved by utilizing the data’s
ensity function 𝑝(𝐱𝑖) expressed by the energy-based model [31,40].

(𝐱𝑖) =
𝑒−𝐸(𝐱𝑖;𝑓 )∕𝑇𝐸

∫𝐱 𝑒−𝐸(𝐱𝑖 ;𝑓 )∕𝑇𝐸 , (2)

here 𝐱 denotes the entire dataset and the denominator can be disre-
arded since it remains constant independently (i.e., ∫𝐱 𝑒

−𝐸(𝐱𝑖;𝑓 )∕𝑇𝐸 =
). Therefore, it can be expressed by

og 𝑝(𝐱𝑖) = −
𝐸(𝐱𝑖; 𝑓 )

𝑇𝐸 − log𝐶. (3)

This equation shows that the energy function is proportional to the
og likelihood function. In other words, samples with lower energy
ave a higher probability of occurrence, indicating a certain image,
hile samples with higher energy have a lower probability of oc-

urrence, referring a uncertain image. This distinguishable nature of
he energy function can be effectively utilized to categorizes samples,
hereby facilitating optimal knowledge distillation. To visually explore
he relationship between energy scores and image, refer to Fig. 2,
hich shows images associated with low and high energy, respectively.
onsequently, the energy score, being a valuable tool for dataset di-
ision, can be employed in both knowledge distillation (KD) and data
ugmentation (DA) separately. Further elaboration on each method will
3

e provided in the subsequent sections.
.1.1. Low and high energy samples
To validate the insights gained from the energy scores, it is valu-

ble to visualize the images belonging to both the low-energy and
igh-energy.

Fig. 2 illustrates the categorization of ImageNet based on the energy
core of each image, dividing them into categories of low-energy and
igh-energy samples. The red boxes depicts images with low-energy
cores, effectively representing their respective classes. We have de-
oted this category as certain images. On the other hand, the green
oxes displays images with high-energy scores, indicating either a
onfused label or a mixture of different objects. These images have been
esignated as uncertain images.

Fig. 3 demonstrates the average predictions for certain and uncertain
mages. Certain images exhibit high confidence scores and possess
nsufficient knowledge about non-target predictions, while uncertain
mages showcase low confidence scores and a relatively uniform dis-
ribution. It is worth noting that the predictions presented in Fig. 3
upport the classification of each image as either certain or uncertain.
hese findings align with prior research [39] that higher energy levels
re associated with out-of-distribution (OOD) data. An important dif-
erence is that we categorize low-energy and high-energy data within
he same dataset based on our criteria. Additional images are available
n Appendix B.

As a result, it is reasonable to utilize higher temperature scaling for
ow-energy samples to create smoother predictions and lower temper-
ture scaling for high-energy samples to achieve sharper predictions
uring the distillation process. This ensures that the teacher model
ptimally transfers its knowledge to the student model.

.2. EnergyKD: Energy-based knowledge distillation

Utilizing the mentioned energy score, we propose an Energy-based
nowledge Distillation (Energy KD), where the differences between low
nd high energy allow effective transfer of knowledge. Specifically, we
btain the energy score for each image sample through the logits of
re-trained teacher models using Eq. (1). After classifying the images
nto low-energy and high-energy groups based on their energy scores,
e apply distinct softmax temperature scaling to each group, thereby
nhancing the student model’s ability to learn a more diverse range of
nformation.

First of all, we consider teacher network 𝑓 and student network
 , which maps input image 𝐱𝑖 with dimension 𝑑 to number of classes

(i.e., 𝑓 , ∶ R𝑑 → R𝐾 ) as follows:

 = 𝑓 (𝐱𝑖; 𝜃 ) (4)

 = 𝑓 (𝐱𝑖; 𝜃 ) (5)

Here, 𝜃 and 𝜃 are the parameters of each model. The energy score
for each sample 𝐱𝑖 can be calculated using the teacher network 𝑓 as

ollows:
(𝑖)
 = 𝐸(𝐱𝑖; 𝑓 ). (6)

We can obtain the energy score for all images in the training dataset
nd arrange them in ascending order. Subsequently, images with lower
nergy values are categorized into the certain group, while those with
igher energy values are assigned to the uncertain group.

In contrast to the conventional KD loss KD, which employs the
ame temperature scaling for all images, as indicated by

KD(𝐱𝑖; 𝑓 , 𝑓 , 𝑇 ) = KL

(

𝜎
( 𝑧𝑓

𝑇

)

|

|

|

|

|

|

𝜎
( 𝑧𝑓

𝑇

))

, (7)

where KL denotes Kullback–Leibler divergence, 𝜎(⋅) is the softmax
function, 𝑇 is the temperature scaling factor, and 𝑧𝑓 , 𝑧𝑓 indicate the

logit using the teacher network 𝑓 , student network 𝑓 , respectively.
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Fig. 2. ImageNet samples categorized according to their energy scores obtained from ResNet32x4. The red boxes belong to the certain images and have low energy scores,
accurately representing their assigned labels. The green boxes are relative to the uncertain images and have high energy scores, not clearly reflecting their assigned labels.
Our method adjusts the confidence of predictions based on the
energy score, enabling the student to acquire a broader range of knowl-
edge. This adjustment can be utilized by simply changing the temper-
ature scaling factor (𝑇 → 𝑇ours) as follows:

ours(𝐱𝑖; 𝑓 , 𝑓 , 𝑇ours) = KL

(

𝜎
( 𝑧𝑓
𝑇ours

)

|

|

|

|

|

|

𝜎
( 𝑧𝑓
𝑇ours

))

(8)

𝑇ours =

⎧

⎪

⎨

⎪

⎩

𝑇 + 𝑇(−),  (𝑖)
 ≥ high

 =  [−𝑁 ⋅ 𝑟]
𝑇 + 𝑇(+),  (𝑖)

 ≤  low
 =  [𝑁 ⋅ 𝑟]

𝑇 , else,
(9)

where high
 and  low

 are constant values that define the range of high-
energy and low-energy classifications. 𝑇(−) is a negative integer used to
decrease the temperature, facilitating the transfer of more target predic-
tions for uncertain samples. Conversely, 𝑇(+) is a positive integer used
to increase the temperature, enabling certain samples to incorporate
more non-target knowledge. 𝑁 represents the total number of training
samples, and to establish the range based on energy, we employed a
percentage of the total samples denoted by 𝑟 = {0.2, 0.3, 0.4, 0.5}. The
parentheses [⋅] indicate the index of the array, as shown in Fig. 4 for a
more intuitive understanding.

Fig. 4 illustrate how our method divides the entire dataset into
low-energy and high-energy samples. To facilitate understanding, we
employ a dataset comprising 10 samples and set the percentage pa-
rameter 𝑟 to 0.4. Eq. (6) calculates the energy score for each data
sample, and then we arrange in ascending order (i.e.,  (1)

 <  (2)
 <

⋯ <  (10)
 ). To aid comprehension, we introduce two different indexes:

negative and positive indexes. As shown in Eq. (9), high
 is set to  [−4]

and  low
 is set to  [4]. Consequently, samples with energy score

 [−4] ,  [−3] ,  [−2], and  [−1] (equivalent to  [7] ,  [8] ,
 [9], and  [10]), equal to or greater than  [−4], belong to high-
energy samples, Conversely, samples with energy score  [1] ,  [2] ,
 [3], and  [4], equal to or less than  [4], belong to low-energy
sample.

Hinton’s paper [10] introducing the concept of KD softened the
probabilities by setting the temperature used for softmax higher than
normal (𝑇 = 1). These relative probabilities of incorrect answers
provide valuable insights into the generalization tendencies of the
complex model [10]. Since Hinton’s work, this information in soft
targets has been termed dark knowledge [9,41,42]. Following this line
of research, we also adopted the term dark knowledge to grasp the
useful probability information. Previous research indicated that, in
order to enhance the performance of the KD, dark knowledge must be
4

appropriately distributed [43]. Our approach can increase important
dark knowledge about non-target classes in the low energy sample while
increasing predictions of the target class in the high-energy sample.

3.3. HE-DA: High energy-based data augmentation

We propose an additional technique, High Energy-based Data Aug-
mentation (HE-DA), where data augmentation is selectively applied
only to image samples belonging to high-energy groups, which have
already been classified for Energy KD. In conventional knowledge
distillation (KD), data augmentation (DA) is frequently employed across
the entire dataset to enhance the generalization and performance of
the student model. However, the straightforward application of DA
may result in a significant increase in computational costs due to the
doubling of the dataset.

To efficiently apply DA to KD, we present an augmentation method
that focuses on specific samples (i.e., uncertain samples) instead of
augmenting the entire dataset. This approach is rooted in the concept
that certain samples already contain sufficient information, whereas
uncertain samples require additional information to elucidate ambigu-
ous content. Eq. (3) and Fig. 2 demonstrates that high-energy samples
correspond to uncertain samples. Consequently, our focus is directed to-
wards augmenting the samples within the high-energy group, aiming to
provide students with more information to enhance their performance.

In our Energy KD approach, we sorted the energy scores obtained
from the teacher model in ascending order. The samples with lower
values are categorized as part of the low-energy dataset 𝐱low within the
entire dataset 𝐱, while the samples with higher values are classified as
belonging to the high-energy dataset 𝐱high as follows:

𝐱 = {𝐱low, 𝐱else, 𝐱high} (10)

𝐱𝑖 =
⎧

⎪

⎨

⎪

⎩

𝐱high,  (𝑖)
 ≥ high

 =  [−𝑁 ⋅ 𝑟]
𝐱low,  (𝑖)

 ≤  low
 =  [𝑁 ⋅ 𝑟]

𝐱else, else,
(11)

where 𝐱else represents datasets that do not belong to either low-energy
or high-energy data and the parentheses [⋅] denote the index of the
array, as mentioned earlier. For a clearer understanding, please refer
back to Fig. 4. We exclusively apply augmentation to samples that were
classified as part of the high energy 𝐱aughigh as follows:

𝐱aug = 𝐺 (𝐱 ), (12)
high aug high
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Fig. 3. Average predictions for particular classes with low energy (blue line) and high
nergy (red line) samples. Low energy samples exhibit high confidence scores and lack
ubstantial dark knowledge, whereas high energy samples display low confidence scores
nd have inordinate knowledge.

here 𝐺aug refers the data augmentation function, here, we applied
utMiX [44] and MixUp [45].

Despite utilizing only an additional 20% to 50% of the training
ata, our method outperforms existing approaches, which use the
ntire dataset, yielding superior results while simultaneously reducing
omputational costs. It is noteworthy that our approach demonstrates
igher performance than applying data augmentation only to low-
nergy samples or applying data augmentation to both low and high-
nergy samples. Please refer to Section 4.5 for more details. The results
ith MixUp are included in Appendix B.
5

Fig. 4. Energy distribution across the entire datasets. This illustrated example assumes
that there are 10 image samples and sets the percentage of the total samples to 40%.

4. Experiments

The performance of our method is evaluated by comparing it to
previous knowledge distillations such as KD [10], AT [22], OFD [24],
CRD [21], FitNet [18], PKT [19], RKD [20], VID [23], DML [15],
TAKD [16], DKD [11], ReviewKD [12], Multi KD [17], FCFD [25], CAT-
KD [26], LSH-TL [27], and SAKD [28] considering various architectural
configurations including ResNet [46], WideResNet [47], VGG [48],
MobileNet [49], and ShuffleNet [50,51]. Details of the implementation
can be found in Appendix A. All experiments were conducted three times,
and the reported results represent the average values.

4.1. Datasets

CIFAR-100 [13] is a widely used dataset for image classification,
onsisting of 100 classes. The samples have a resolution of 32 × 32

pixels, and the dataset includes 50,000 training images and 10,000
testing images.

ImageNet [14] is a comprehensive dataset extensively employed for
mage classification. It comprises 1,000 classes, and the samples are of
ize 224 × 224 pixels. The training set is notably large, containing 1.28

million images, while the test set consists of 5,000 images.
TinyImageNet is a scaled-down version of ImageNet, featuring 200

classes with images sized 64 × 64 pixels. The dataset includes 500
training images, 50 validation images, and 50 testing images for each
class.

4.2. Effect of EnergyKD

Table 1 displays the results obtained using the same architecture
for both teacher and student models on the CIFAR-100 dataset, while
Table 2 showcases the results obtained with different architectures.
Previous methods can be categorized into two types: feature-based
methods and logit-based methods, and the results from previous papers
on each method are recorded.

The tables consistently demonstrate that the application of our
method to previous logit-based KD results in higher performance com-
pared to not applying it, regardless of structural differences between
the student and teacher models. In the case of vanilla KD, our method
(Energy KD) yields a performance gain of up to 1.6.

Additionally, when integrating our method into recently developed
logit-based methods like DKD and Multi KD (Energy DKD and Energy
Multi), we observe performance gains of up to 0.5 and 0.6, respectively.
Notably, our method, despite being logit-based, outperforms the state-

of-the-art feature-based KD for all same architectures. Additionally,
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Table 1
Top-1 accuracy (%) on the CIFAR-100 test sets when using teacher and student models with the same architectures. Our results, highlighted in bold, demonstrate exceptional
performance compared to the results obtained without employing our method.

Teacher WRN-40–2 WRN-40–2 ResNet56 ResNet110 ResNet32 × 4 VGG13
Acc. 75.61 75.61 72.34 74.31 79.42 74.64
Student WRN-16–2 WRN-40–1 ResNet20 ResNet32 ResNet8 × 4 VGG8
Acc. 73.26 71.98 69.06 71.14 72.50 70.36

FitNet 73.58 72.24 69.21 71.06 73.50 71.02
PKT 74.54 73.54 70.34 72.61 73.64 72.88
RKD 73.35 72.22 69.61 71.82 71.90 71.48
CRD 75.48 74.14 71.16 73.48 75.51 73.94
AT 74.08 72.77 70.55 72.31 73.44 71.43
VID 74.11 73.30 70.38 72.61 73.09 71.23
OFD 75.24 74.33 70.98 73.23 74.95 73.95
ReviewKD 76.12 75.09 71.89 73.89 75.63 74.84
FCFD 76.34 75.43 71.68 – 76.80 74.86
CAT-KD 75.60 74.82 71.62 73.62 76.91 74.65
LSH-TL 76.42 74.50 71.50 74.10 76.73 74.11
SAKD 75.86 75.00 71.93 73.92 76.16 74.66

DML 73.58 72.68 69.52 72.03 72.12 71.79
TAKD 75.12 73.78 70.83 73.37 73.81 73.23

KD 74.92 73.54 70.66 73.08 73.33 72.98
Energy KD 75.45 74.28 71.30 73.68 74.60 73.73

DKD 76.24 74.81 71.97 74.11 76.32 74.68
Energy DKD 76.66 74.97 72.10 74.11 76.78 74.90

Multi KD 76.63 75.35 72.19 74.11 77.08 75.18
Energy Multi 77.19 75.70 72.76 74.60 77.31 75.56
Table 2
Top-1 accuracy (%) on the CIFAR-100 test sets when using teacher and student models with the different architectures. Our results, highlighted in bold, demonstrate exceptional
performance compared to the results obtained without employing our method.

Teacher WRN-40–2 ResNet50 ResNet32 × 4 ResNet32 × 4 VGG13
Acc. 75.61 79.34 79.42 79.42 74.64
Student ShuffleNetV1 MobileNetV2 ShuffleNetV1 ShuffleNetV2 MobileNetV2
Acc. 70.50 64.60 70.50 71.82 64.60

FitNet 73.73 63.16 73.59 73.54 64.14
PKT 73.89 66.52 74.10 74.69 67.13
RKD 72.21 64.43 72.28 73.21 64.52
CRD 76.05 69.11 75.11 75.65 69.73
AT 73.32 58.58 71.73 72.73 59.40
VID 73.61 67.57 73.38 73.40 65.56
OFD 75.85 69.04 75.98 69.82 68.48
ReviewKD 77.14 69.89 77.45 77.78 70.37
FCFD 77.81 71.07 78.12 78.20 70.67
CAT-KD 77.35 71.36 78.26 78.41 69.13
LSH-TL 76.62 68.02 75.80 76.62 68.17
SAKD 76.77 – 76.32 77.21 –

DML 72.76 65.71 72.89 73.45 65.63
TAKD 75.34 68.02 74.53 74.82 65.63

KD 74.83 67.35 74.07 74.45 67.37
Energy KD 75.90 68.97 75.20 75.87 68.65

DKD 76.70 70.35 76.45 77.07 69.71
Energy DKD 77.06 70.77 76.89 77.55 70.19

Multi KD 77.44 71.04 77.18 78.44 70.57
Energy Multi 77.76 71.32 77.82 78.64 70.89
for different architectures, we observe that our method yields re-
sults almost comparable to those of the state-of-the-art feature-based
methods.

These results suggest that our method holds the potential for seam-
less integration into future logit-based methods, providing a pathway
to further enhance performance. This underscores the superiority of
our method for real-world applications, particularly in scenarios where
utilizing an intermediate layer is challenging.

Table 3 presents the performance of our methods on ImageNet.
Notably, even on ImageNet, considered a more challenging dataset
than CIFAR-100, our method demonstrates significant improvements
over other distillation methods. This improvement is attributed to the
optimization of knowledge distillation for this challenging dataset,
achieved by applying different temperatures to high- and low-energy
samples based on the energy score of the images. On a Top-1 basis,
6

our method achieved a performance improvement of up to 0.6% over
ReviewKD and up to 0.93% over DKD. For detailed hyperparameter
settings, please refer to Appendix A.

4.3. Temperature ablations

Earlier, we applied different temperatures to low-energy and high-
energy samples. To assess the feasibility of employing distinct tem-
perature scaling for both energy samples, we conducted temperature
ablation experiments on each sample, as presented in Table 4. Adjusting
the temperature for both energy types yielded superior results com-
pared to modifying the temperature for only one energy type, whether
low-energy or high-energy.
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a
1

Table 3
Top-1 and Top-5 accuracy (%) on the ImageNet validation. In the row above, ResNet50 is the teacher and MobileNetV1 is the student. In the row below, ResNet34 is the teacher
and ResNet18 is the student. The best results are highlighted in bold and the second best underlined.

Distillation Features Logits

R50-MV1 Teacher Student AT OFD CRD ReviewKD KD DKD Energy DKD

Top-1 76.16 68.87 69.56 71.25 71.37 72.56 68.58 72.05 72.98
Top-5 92.86 88.76 89.33 90.34 90.41 91.00 88.98 91.05 91.31

R34-R18 Teacher Student AT OFD CRD ReviewKD KD DKD Energy DKD

Top-1 73.31 69.75 70.69 70.81 71.17 71.61 70.66 71.70 72.21
Top-5 91.42 89.07 90.01 89.98 90.13 90.51 89.88 90.41 90.81
Table 4
Left: Performance evaluated based on the sample type. ’Low-’ indicates the application of temperature scaling only to low energy samples (i.e., high T), while ’High-’ signifies the
utilization of temperature scaling solely for high energy samples (i.e., low T)., Right: Comparing the effectiveness of temperature gradation with the temperature utilized in the
performance analysis of our approach.

Teacher ResNet32 × 4 ResNet32 × 4 Teacher WRN-40–2 ResNet32 × 4 VGG13 ResNet32 × 4
Student ResNet8 × 4 ShuffleNetV2 Student WRN-16–2 ResNet8 × 4 MobileNetV2 ShuffleNetV2

Low- 73.27 75.38 KD 75.06 73.33 67.37 74.45
High- 73.88 75.34 Gradation 75.49 74.32 68.57 75.74

Ours 74.60 75.87 Ours 75.45 74.60 68.65 75.87
Table 5
Sensitivity analysis on the values of the percentage (𝑟).

Teacher WRN-40–2 ResNet32 × 4 ResNet32 × 4 VGG13
Student WRN-16–2 ResNet8 × 4 ShuffleNetV2 MobileNetV2

KD 74.92 73.33 74.45 67.37

Energy KD

𝑟 = 0.1 75.24 74.62 75.32 68.85
𝑟 = 0.2 75.45 74.34 75.87 68.65
𝑟 = 0.3 75.29 74.60 75.76 68.75
𝑟 = 0.4 75.37 74.16 75.38 68.81
𝑟 = 0.5 75.06 74.28 75.65 68.70

We further explored the application of more varied temperatures
cross the entire dataset. To achieve this, we divided the entire CIFAR-
00 dataset into 10 segments (i.e., 𝐱 → [𝐱1, 𝐱2,… , 𝐱𝑛,… , 𝐱10]) based on

their energy scores and applied different temperatures (i.e., 𝑇1, 𝑇2,… ,
𝑇𝑛,… , 𝑇10) to each segment. Specifically,

𝐱 =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝐱1 → 𝑇1 = 𝑇min
𝐱2 → 𝑇2

⋮
𝐱𝑛 → 𝑇𝑛

⋮
𝐱10 → 𝑇10 = 𝑇max

. (13)

where 𝑇min and 𝑇max represent the minimum and maximum temper-
atures within the temperature range, respectively. We refer to this as
Temperature Gradation because we sequentially and gradually increase
the temperature. (i.e., 𝑇1 < 𝑇2 < ⋯ < 𝑇𝑛 < ⋯ < 𝑇10)

Table 4 demonstrates that the method with two different tempera-
tures applied to both energy types achieves performance comparable to
the Temperature Gradation, which employs a broader range of tempera-
ture scaling. From these experiments, we can conclude that addressing
certain and uncertain images is more meaningful than dealing with
images in between. Additional details about each experiment can be
found in Appendix A.

4.4. Sensitivity analysis

Table 5 demonstrates that Energy KD consistently outperforms KD
across all values of the ratio (𝑟). Additionally, it is noteworthy that
most models achieve optimal results at relatively low values of 𝑟. This
suggests that prioritizing the processing of images with extreme energy
7

values is more important than processing the majority of images.
4.5. Contribution of HE-DA

Table 6 showcases the outstanding performance of the High-Energy-
based Data Augmentation (HE-DA) method on the CIFAR-100 dataset.
Performance is evaluated by applying HE-DA to vanilla KD (refer to the
upper table) and DKD (refer to the lower table), a state-of-the-art logit-
based method. Results for augmenting the entire dataset (i.e., 100%)
are obtained from previous papers [52,53].

In the case of vanilla KD, we achieve comparable performance to
applying data augmentation to the entire dataset (i.e., 100%), despite
applying HE-DA to only 20% of the data (i.e., 𝑟 = 0.2) for most
models. The optimal performance of our method is reached when HE-
DA is applied to 40%–50% of the data, resulting in a performance
improvement of up to 2.87 over vanilla KD and up to 0.71 over
that of data augmentation on the full dataset. Concerning DKD, our
method attains a performance improvement of up to 1.86 over the
baseline DKD and a performance improvement of up to 0.68 over that
of data augmentation on the full dataset. Notably, when applying basic
data augmentation methods (i.e., augmentation on the entire dataset)
to DKD, some models perform worse than without augmentation. In
contrast, our method consistently achieves performance improvements
across all models.

We extended our experiments to a more challenging dataset, Tiny-
Imagenet, to evaluate the performance of HE-DA, and the results are
presented in Table 7. These results for TinyImagenet closely mir-
ror those obtained for the CIFAR-100 dataset, showcasing excellent
performance.

For vanilla KD (refer to the upper table), our method outperforms
100% data augmentation despite applying only 20%, with our best
performance demonstrating an improvement of up to 1.57 over vanilla
KD and up to 0.75 over 100% data augmentation. Moving to DKD (refer
to the lower table), our method achieves a performance improvement
of up to 1.33 over basic DKD and up to 1.27 over 100% data augmen-
tation. Our method consistently delivers excellent performance across
all models.

Fig. 5 illustrates the performance variations based on sample types
(i.e., low-energy, high-energy, and mixed-energy samples) for two dif-
ferent teacher-student pairs (i.e., VGG13-MobileNetV2 and ResNet32x4-
ShuffleNetV2). These experiments clearly demonstrate that exclusively
utilizing high-energy samples (marked as the gray line in the graph)
results in higher performance compared to using low-energy samples
(marked as the blue line) or a mix of samples, including half low-
energy and half high-energy samples (marked as the orange line), for
all augmentation rates (𝑟 = 0.2 ∼ 0.5), which indicates the amount of

additionally augmented samples for each type.



Knowledge-Based Systems 296 (2024) 111911S. Kim et al.
Table 6
Performance evaluated when applying High Energy-based Data Augmentation (HE-DA) to the CIFAR-100 test sets. The best results are highlighted in bold and the second best
underlined. 𝛥* denotes the performance difference between the best result among various rates (𝑟%) of our method and the result without augmentation, while 𝛥** denotes the
performance difference between the best result and full data augmentation (100%).

Teacher WRN-40–2 ResNet56 ResNet32 × 4 VGG13 VGG13 ResNet32 × 4
Acc. 75.61 72.34 79.42 74.64 74.64 79.42
Student WRN-16–2 ResNet20 ResNet8 × 4 VGG8 MobileNetV2 ShuffleNetV2
Acc. 73.26 69.06 72.50 70.36 64.60 71.82

KD* 74.92 70.66 73.33 72.98 67.37 74.45
w/ CutMix** (100%) 75.34 70.77 74.91 74.16 68.79 76.61
w/ HE-DA (20%) 75.27 70.90 74.84 74.04 68.06 76.57
w/ HE-DA (30%) 75.54 71.15 74.85 74.17 68.62 76.87
w/ HE-DA (40%) 75.72 71.43 75.13 74.42 68.69 77.16
w/ HE-DA (50%) 75.95 71.26 75.22 74.54 69.13 77.32
𝛥* +1.03 +0.77 +1.89 +1.56 +1.76 +2.87
𝛥** +0.61 +0.66 +0.31 +0.38 +0.34 +0.71

DKD* 76.24 71.97 76.32 74.68 69.71 77.07
w/ CutMix** (100%) 75.72 71.59 76.86 75.14 70.81 78.81
w/ HE-DA (𝑟%) 76.40 72.21 77.23 75.55 71.28 78.93
𝛥* +0.16 +0.24 +0.91 +0.87 +1.57 +1.86
𝛥** +0.68 +0.62 +0.37 +0.41 +0.47 +0.12
Table 7
Performance evaluated when applying High Energy-based Data Augmentation (HE-DA) to the TinyImageNet test sets. The best results are highlighted in bold and the second best
underlined. 𝛥* denotes the performance difference between the best result among various rates (𝑟%) of our method and the result without augmentation, while 𝛥** denotes the
performance difference between the best result and full data augmentation (100%).

Teacher WRN-40–2 ResNet56 ResNet32 × 4 VGG13 VGG13 ResNet32 × 4
Acc. 61.28 58.37 64.41 62.59 62.59 64.41
Student WRN-16–2 ResNet20 ResNet8 × 4 VGG8 MobileNetV2 ShuffleNetV2
Acc. 58.23 52.53 55.41 56.67 58.20 62.07

KD* 58.65 53.58 55.67 61.48 59.28 66.34
w/ CutMix** (100%) 59.06 53.77 56.41 62.17 60.48 67.01
w/ HE-DA (20%) 59.16 54.09 56.70 61.87 60.16 67.27
w/ HE-DA (30%) 59.36 53.59 56.57 62.36 60.63 67.45
w/ HE-DA (40%) 59.54 54.52 57.02 62.24 60.59 67.25
w/ HE-DA (50%) 59.69 53.99 57.13 62.51 60.85 67.64
𝛥* +1.04 +0.94 +1.46 +1.03 +1.57 +1.30
𝛥** +0.63 +0.75 +0.72 +0.34 +0.37 +0.63

DKD* 59.66 54.39 58.57 63.12 61.70 67.37
w/ CutMix** (100%) 59.92 54.01 59.23 63.12 62.73 67.97
w/ HE-DA (𝑟%) 60.43 55.28 59.58 63.78 63.03 68.25
𝛥* +0.77 +0.89 +1.01 +0.66 +1.33 +0.88
𝛥** +0.51 +1.27 +0.35 +0.66 +0.30 +0.28
Fig. 5. Performance variations according to the sample types: low, high, and mixed energy. (a): VGG13/MobileNetV2, (b): ResNet32x4/ShuffleNetV2.
It is worth noting that when mixed samples of low-energy and high-
energy data are employed (i.e., 50:50), the performance falls between
the gray line (i.e., accuracy of high-energy samples) and the blue line
(i.e., accuracy of low-energy samples). Using only high-energy data
yields superior results, while using only low-energy data leads to lower
performance, suggesting that reducing the additional low-energy data
by augmentation positively affects performance. The reason behind this
could be the learning model’s proficiency in understanding low-energy
samples. Additional augmentation for low-energy samples, which al-
ready includes certain information for correct classification, might lead
to confusion, hindering the learning process of the student model. Thus,
8

for optimal performance, it is reasonable to decrease the quantity of
augmented data for low-energy samples and rely solely on augmented
data for high-energy samples.

Furthermore, it is worth noting that the accuracy of high-energy
results remains relatively stable, regardless of the variation in aug-
mentation rate, which is hyperparameters that determine the amount
of augmented data. In other words, when dealing with high-energy
data, results from augmenting 10% to 20% of the dataset show no
significant difference compared to those from augmenting 40% to 50%.
However, for low-energy data, augmenting 10% to 20% may result in
lower performance compared to even results with no augmentation at
all (marked as the red dash line), suggesting that the accuracy from
using high-energy data is not significantly affected by changes in the
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Fig. 6. Feature representations from the penultimate layer of student networks on the
some classes of CIFAR-100 dataset. Upper: Different super class, Middle: Same super
class (vehicles), Lower: Similar super class (flowers and threes).

augmentation rate. This characteristic can be particularly valuable in
scenarios where computational resources are severely limited because
using only a small amount of additional high-energy data is enough to
achieve better results than previous KD methods.

4.6. tSNE and correlation

Fig. 6 displays tSNE results for various classes of CIFAR-100. The up-
per figure illustrates clustering for different super classes, showing little
similarity between classes. The middle figure showcases clustering for
the same super class (vehicles) containing similar classes, and the lower
figure displays clustering for similar super classes (flowers and trees). In
all figures, we observe that the representations produced by our method
are closer for the same class and exhibit less overlap from other classes.
9

Table 8
Computational costs are measured according to the rate at which data augmentation
is applied. The percentage rise is computed based on the value of 𝑟 = 0.1.
𝑟 0.1 0.2 0.3 0.4 0.5 1.0

% ↑ 0.0% 3.94% 5.52% 8.78% 14.17% 33.26%

Table 9
Top-1 accuracy (%) on the CIFAR-100-LT datasets, employing both identical and distinct
architectures for teacher and student models.

Teacher ResNet32 × 4 VGG13 VGG13 ResNet32 × 4
Student ResNet8 × 4 VGG8 MobileNetV2 ShuffleNetV2

KD 72.51 71.59 65.19 72.93
DKD 73.60 73.25 66.73 74.09
ReviewKD 73.42 73.02 66.36 74.11
Energy KD 73.97 73.73 67.08 74.61

Therefore, our method demonstrates better clustering ability compared
to KD, enhancing the discriminability of deep features.

The essence of knowledge distillation lies in how closely the pre-
dictions of the student model align with those of the teacher model,
given the information provided by the teacher. Fig. 7 visually illustrates
this concept by comparing the correlation matrices of the student and
teacher logits. Darker colors represent larger differences between the
matrices, while lighter colors indicate smaller differences. In other
words, the lighter the color, the better the student model mimics
the teacher model and produces similar results, demonstrating its ca-
pability to yield superior outcomes. In contrast to previous KD, the
application of our Energy KD induces the student to generate logits that
are more similar to the teacher, thereby ensuring outstanding student
performance.

4.7. Computational costs

Table 8 presents the computational cost in relation to the percentage
of augmentation applied, specifically referring to the learning time
per epoch on the CIFAR-100 datasets. The table shows that applying
augmentation to the entire dataset results in a 33.26% increase in
computational cost. When applying augmentation to 40%–50% of the
dataset (which produces the peak performance of our method), we
notice a more modest increase in computational expenses, ranging from
8.78% to 14.17%. These results demonstrate that our approach excels
not only in terms of performance but also in terms of efficiency. Details
regarding the computing infrastructure used for this experiment are
introduced in Appendix A.

4.8. Long-tailed dataset

Table 9 presents the experimental results using the CIFAR-100 long-
tail (LT) dataset. CIFAR-100-LT and CIFAR-100 are used for training
and testing, respectively. The experiments involved four different ar-
chitecture pairs. In the case of the long-tail type, exponential decay
is applied, and an imbalance factor of 0.5 is used. More detailed
experimental parameters are provided in Appendix A. The table illus-
trates that our method outperforms state-of-the-art DKD and ReviewKD
methods. These results highlight the effectiveness of our approach, even
when dealing with challenging datasets, as observed in experiments on
ImageNet datasets with significant differences in the number of samples
among classes.

5. Conclusions

In this paper, we introduce a novel perspective by incorporat-
ing the energy score of a sample, a factor traditionally overlooked.
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Fig. 7. Correlation disparities between the logits of the student and teacher. Energy KD shows smaller disparities than KD.
Our approach classifies datasets into low-energy and high-energy sam-
ples based on their energy scores, applying higher temperatures to
low-energy samples and lower temperatures to high-energy samples.
In comparison to both logit-based and feature-based methods, our
EnergyKD consistently outperforms on various datasets. Notably, on
challenging datasets such as CIFAR-100-LT and ImageNet, EnergyKD
demonstrates significant performance gains, establishing its effective-
ness in real-world scenarios. Furthermore, when coupled with High
Energy-based Data Augmentation (HE-DA), it not only enhances perfor-
mance but also maintains computational efficiency. We anticipate that
our framework, offering a new perspective by considering the energy
score of samples in both knowledge distillation and data augmentation,
will pave the way for prosperous future research in model compression.
However, this paper focuses solely on image classification. Extending
our approach to various computer vision tasks, such as object detection
and semantic segmentation, is part of our future work. For seman-
tic segmentation, which involves pixel-by-pixel classification, devising
an energy score function for each pixel will enable us to develop a
segmentation-specific method.
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Appendix A. Implementation details

A.1. Hyperparameters

CIFAR-100: A batch size of 64 and 360 epochs were used. The
learning rate began at 0.05 and reduced by 0.1 at every 150, 180,
10
210, 240, 270, and 300 epochs. In addition, Tables A.10 and A.11
outline the hyperparameters utilized for Energy KD and Energy DKD
and Table A.12 demonstrates the hyperparameters applied in Energy
KD for the CIFAR-100-LT.

ImageNet: A batch size of 256 and 150 epochs were used. The
learning rate began at 0.1 and decreased by 0.1 at every 30, 60,
90, and 120 epochs. Moreover, Table A.13 provides details about the
hyperparameters applied for Energy DKD.

A.2. Rationale for temperature range

Temperature scaling in KD has been employed to soften the prob-
ability distribution from the teacher model. Since its introduction by
Hinton [10], this temperature scaling has been considered a hyper-
parameter that can be adjusted according to the training datasets.
Typically, this temperature is set to 4 for CIFAR100 in many KD
research studies [11,17].

Therefore, we set the middle temperature to 4 and 𝑇(±) as half of the
middle temperature (i.e., 𝑇(±) = ±2) because we have found that adjust-
ing the temperature by only one unit (i.e., 𝑇(±) = ±1) is insufficient to
effectively modify the probability distribution, particularly in the case
of the CIFAR100 dataset. In other words, using 𝑇(±) = ±1 weakens the
advantage of Energy KD. As shown in Table A.14, this observation is
validated through experiments using different values for 𝑇(±), which
demonstrate lower performance when using ±1 compared to using ±2.

Moreover, Table A.15 indicates that results with 𝑇(±) ± 3 become
similar to those obtained with 𝑇(±) ± 2 when controlling the percent-
age parameter (𝑟), suggesting that comparable performance can be
achieved with a greater temperature difference than 2 by adjusting the
percentage. Among these options, we choose 𝑇(±) ± 2 because it shows
sufficiently better results compared to previous KD methods.

A.3. Pseudo code

Algorithm 1 provides the pseudo-code of Energy KD in a PyTorch-
like [54] style.

A.4. Information for temperature ablations

The left part of Table 4 in main paper indicates that our approach,
involving the categorization of samples into low and high energy
groups based on their energy values, and subsequently applying distinct
temperatures to each group, outperformed strategies where different
temperatures were exclusively applied to either the low energy or high
energy samples.

Furthermore, the right part of Table 4 in main paper presents a
performance evaluation conducted by dividing the entire dataset into
multiple partitions instead of just two, accompanied by a wider range of
temperatures. The outcomes indicate that the differences between our
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Table A.10
The hyperparameters used in the experiments for CIFAR-100 using Energy KD.

Student WRN-16–2 ResNet20 ResNet8 × 4 VGG8 MobileNetV2 ShuffleNetV2

𝑇(+) 2.0 2.0 2.0 2.0 2.0 2.0
𝑇(−) 2.0 2.0 2.0 2.0 2.0 2.0
𝑟 0.2 0.3 0.3 0.2 0.2 0.2

Teacher WRN-40–2 ResNet56 ResNet32 × 4 VGG13 VGG13 ResNet32 × 4
Table A.11
The hyperparameters used in the experiments for CIFAR-100 using Energy DKD.

Student VGG8 MobileNetV2 ShuffleNetV2

𝑇(+) 2.0 1.0 4.0
𝑇(−) 2.0 1.0 1.0
𝑟 0.1 0.1 0.3

Teacher VGG13 VGG13 ResNet32 × 4

Table A.12
The hyperparameters used in the experiments for CIFAR-100-LT using Energy DKD.

Student ResNet8 × 4 VGG8 MobileNetV2 ShuffleNetV2

𝑇(+) 2.0 1.0 1.0 2.0
𝑇(−) 2.0 1.0 1.0 2.0
𝑟 0.2 0.2 0.2 0.2

Teacher ResNet32 × 4 VGG13 VGG13 ResNet32 × 4

Table A.13
The hyperparameters used in the experiments for ImageNet.

Student ResNet18 MobileNetV1

𝑇(+) 1.0 1.0
𝑇(−) 1.0 1.0
𝑟 0.2 0.2

Teacher ResNet34 ResNet50

Table A.14
Sensitivity on the values of temperature difference 𝑇(±).

Teacher ResNet32 × 4
Student ResNet8 × 4

KD 73.33

Energy KD
𝑇(±) = ±1 74.04
𝑇(±) = ±2 𝟕𝟒.𝟔𝟎
𝑇(±) = ±3 74.44

Table A.15
Sensitivity on the values of the percentage (𝑟) in case of 𝑇(±) = ±3.

Teacher ResNet32 × 4
Student ResNet8 × 4

Energy KD (𝑇(±) = ±3)

𝑟 = 0.1 74.30
𝑟 = 0.2 𝟕𝟒.𝟒𝟒
𝑟 = 0.3 74.28
𝑟 = 0.4 74.29
𝑟 = 0.5 74.17

approach, applying distinct temperatures solely to the two extremes,
and the temperature gradient across the entire dataset are minor.
This suggests that our attention should be directed towards high and
low-energy samples, making the broader division unnecessary.

In this section, we offer comprehensive details employed to conduct
these experiments. We employed the following temperature scaling for
all experiments conducted on CIFAR-100.

𝑇ours =

⎧

⎪

⎨

⎪

2, high energy samples
6, low energy samples (A.1)
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⎩

4, else.
Algorithm 1 Energy KD

# x: input images
# model_s, model_t: student and teacher model
# T : temperature scaling parameter
# T_ours : our temperature scaling parameter
# E_high : high energy threshold
# E_low : low energy threshold
# E() : energy function

o_s = model_s(x) # logits from student model
o_t = model_t(x) # logits from teacher model

# original KD
# p_s = F.softmax(o_s/T)
# p_t = F.softmax(o_t/T)

E_t= E(o_t) # energy values from teacher’s logits

for i, E_i in enumerate(E_t):
if E_i < E_low: # low energy samples

T_ours[i] = T[i] + T_(+)
elif E_i > E_high: # high energy samples

T_ours[i] = T[i] + T_(-)
else:

T_ours[i] = T[i]

p_s = softmax(o_s/T_ours) # predictions from student
p_t = softmax(o_t/T_ours) # predictions from teacher

L_ours(x; T_ours) = nn.KLDivLoss((p_s)||(p_t))

In case of applying low energy samples only, the temperature is as
follows:

𝑇ours =

⎧

⎪

⎨

⎪

⎩

4, high energy samples
6, low energy samples
4, else.

(A.2)

When applying high energy samples only, the temperature is as follows:

𝑇ours =

⎧

⎪

⎨

⎪

⎩

2, high energy samples
4, low energy samples
4, else.

(A.3)

For temperature gradation, the applied temperature is given by

𝑇ours =

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎩

𝑇min = 2.0
𝑇2 = 2.5
𝑇3 = 3.0
𝑇4 = 3.5
𝑇5 = 4.0
𝑇6 = 4.0
𝑇7 = 4.5
𝑇8 = 5.0
𝑇9 = 5.5

𝑇max = 6.0.

. (A.4)

A.5. Computing source

The experimental server used in the study had the following hard-
ware specifications: (CPU) AMD EPYC 7742; (GPU) NVIDIA RTX 3090;
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and (RAM) 1000 GB. The experiments were conducted using CUDA
version 11.4 and PyTorch version 1.4.1.

Appendix B. Additional experiments

B.1. Low and high energy samples

Fig. B.8 illustrates images from the ImageNet Dataset divided into
low-energy and high-energy groups. Within the red boxes belonging
to the low-energy group, the samples clearly exhibit their labels. In
contrast, the samples in the green boxes do not accurately represent
their labels and have the potential to cause confusion.
12
Based on these observations, dividing the dataset into two groups
based on energy scores and utilizing them for knowledge distillation
(KD) and data augmentation (DA) holds significant value.

B.2. High Energy-based MixUp: HE-MixUp

For energy-based data augmentation, we partition the entire dataset
into two categories: samples with high energy and those with low en-
ergy. Our primary focus lies in utilizing solely the high-energy samples
for augmentation, a method known as HE-DA (High Energy-based Data
Augmentation). To evaluate the impact of our HE-DA technique, we
employed the widely recognized CutMix approach, renowned for its
Fig. B.8. ImageNet samples belonging to 18 categories ((a) ∼ (q)). Each sample is divided into low-energy (Red boxes) and high-energy groups (Green boxes) based on the energy
scores computed from ResNet32x4. We can observe that the low-energy group is clearly distinguished by their labels, whereas the high-energy group lacks these clear distinctions.
Our method applies different temperature scaling to each group to convey appropriate knowledge from the teacher to the student model.
Table B.16
Performance evaluated when applying High Energy-based MixUp (HE-MixUp) to the CIFAR-100 test sets, using teacher and student models with the same and different architectures.
The best results are highlighted in bold and the second best underlined.

Teacher WRN-40–2 ResNet56 ResNet32 × 4 VGG13 VGG13 ResNet32 × 4
Student WRN-16–2 ResNet20 ResNet8 × 4 VGG8 MobileNetV2 ShuffleNetV2

KD 74.92 70.66 73.33 72.98 67.37 74.45
KD+MixUp (100%) 75.37 70.95 74.46 73.68 68.51 76.13
HE-MixUp (20%) 74.97 70.44 74.42 73.58 67.19 75.76
HE-MixUp (30%) 75.21 71.17 74.60 74.01 68.25 76.11
HE-MixUp (40%) 75.37 71.16 74.65 74.02 68.74 76.24
HE-MixUp (50%) 75.65 71.07 74.92 74.05 69.00 76.40
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superior effectiveness compared to MixUp. In this section, we expand
our experimentation by applying the MixUp technique to provide ad-
ditional validation. Our goal is to showcase the adaptability of our
approach across various augmentation techniques.

Table B.16 illustrates the performance of our approach when inte-
grated with MixUp. Similar to the results observed with CutMix, the
result presents evidence that applying augmentation to only a subset of
the data (ranging from 𝑟 = 0.2 to 𝑟 = 0.5) leads to comparable or even
reater improvements compared to augmenting the entire dataset.

ppendix C. Nomenclature

Symbols Descriptions
x Entire input data
𝐱low Data with low energy score
𝐱high Data with high energy score
𝐱else Data not with low or high energy
𝐱aug Data by augmentation
𝑇 E Temperature for energy function
𝑇 , 𝑇ours Temperature scaling factor
𝑇(+) Positive integer for 𝑇 increase
𝑇(−) Negative integer for 𝑇 decrease
𝑧𝑓𝑗 𝑗th class label’s logit with network 𝑓
𝑧𝑓 Logits with teacher network
𝑧𝑓 Logits with student network
 Energy score using teacher network
high
 Threshold for high energy range

 low
 Threshold for low energy range

𝑑 Dimension
𝐾 Number of classes
𝑁 Number of samples
𝐶 Constant value
𝐸(⋅) Energy function
𝑝(⋅) Density function
𝐺aug(⋅) Augmentation function
𝜎(⋅) Softmax function
[⋅] Array index
𝑓 Neural network
𝑓 Teacher network
𝑓 Student network
𝜃 Parameters for teacher
𝜃 Parameters for student
𝑟 Percentage
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