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Abstract: As a specific form of knowledge distillation (KD), self-knowledge distillation enables a
student network to progressively distill its own knowledge without relying on a pretrained, complex
teacher network; however, recent studies of self-KD have discovered that additional dark knowl-
edge captured by auxiliary architecture or data augmentation could create better soft targets for
enhancing the network but at the cost of significantly more computations and/or parameters. More-
over, most existing self-KD methods extract the soft label as a supervisory signal from individual
input samples, which overlooks the knowledge of relationships among categories. Inspired by
human associative learning, we propose a simple yet effective self-KD method named associative
learning for self-distillation (ALSD), which progressively distills richer knowledge regarding the
relationships between categories across independent samples. Specifically, in the process of distil-
lation, the propagation of knowledge is weighted based on the intersample relationship between
associated samples generated in different minibatches, which are progressively estimated with the
current network. In this way, our ALSD framework achieves knowledge ensembling progressively
across multiple samples using a single network, resulting in minimal computational and memory
overhead compared to existing ensembling methods. Extensive experiments demonstrate that our
ALSD method consistently boosts the classification performance of various architectures on multiple
datasets. Notably, ALSD pushes forward the self-KD performance to 80.10% on CIFAR-100, which
exceeds the standard backpropagation by 4.81%. Furthermore, we observe that the proposed method
shows comparable performance with the state-of-the-art knowledge distillation methods without the
pretrained teacher network.

Keywords: knowledge distillation; neural network compression; edge computing; image classification;
self distillation

1. Introduction

Deep neural networks (DNNs) have made unprecedented advances in a wide range
of machine learning tasks such as computer vision [1,2], natural language processing [3,4]
and speech recognition [5,6]. However, with the high performance of DNNs, deeper
and wider models are proposed at the cost of larger model size and longer inference
time. Thus, it is naturally unrealistic to deploy such complex DNNs to some resource-
constrained devices such as mobile phones and embedded devices. To solve such issues,
many research studies [7–10] propose to compress such complex models into compact
ones. Knowledge distillation is one of the most popular and effective methods for model
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compression [11]. It is a prominent technology, which trains a portable student network
under the supervision of a complicated teacher network by directly mimicking the latter’s
outputs [12–14].

In recent years, knowledge distillation has emerged as a powerful technique for im-
proving the performance of student networks in a wide range of tasks and domains, such
as object detection [15,16], semantic segmentation [17–19], face recognition [20,21] and
action recognition [22,23]. Its ability to transfer knowledge from a well-trained teacher
network to a smaller student network has made it a popular choice for addressing chal-
lenges such as model compression, improving generalization and adapting models to
resource-constrained environments.

While conventional knowledge distillation methods have proven effective in im-
proving the accuracy and generalization ability of student networks, they do have some
drawbacks that are worth considering. For example, most of these methods have an ex-
pensive training process due to the training of a cumbersome teacher model with large
parameters. In addition, most of the existing distillation frameworks require substantial
efforts and experiments to find the best architecture for the teacher network and student
network, which takes a relatively long time.

Self-KD methods [24,25] have been proposed to overcome the above issues by directly
optimizing the student network itself. Such methods have shown that a network can
distill its own knowledge to teach itself without a pretrained teacher. However, since
the parameters of the teacher and student networks are the same in self-KD, it becomes
challenging to learn as much useful knowledge as can be obtained from a well-performing
teacher network in conventional knowledge distillation. Thus, existing Self-KD techniques
frequently incorporate auxiliary architectures or data augmentation methods to capture
supplementary knowledge, thereby enhancing the performance of the network. A common
characteristic of existing Self-KD methods is that the extracted supervisory signal, such as a
soft label, is generated from an individual input sample, which overlooks the knowledge
of relationships among categories.

In contrast, we propose a novel self-knowledge distillation method named associative
learning for self-distillation (ALSD), which applies human associative learning to transfer
the valuable knowledge of relationships among categories. Figure 1 illustrates the process
of associative learning, in which new knowledge is acquired based on the relationships
observed between various elements of a person’s experiences. Since real-world phenomena
are interconnected, we can construct a knowledge graph representing these connections
from samples. Leveraging the relationships between various elements can significantly
enhance human learning. Inspired by this, we introduce associative learning into self-KD,
which employs the associational information as dark knowledge during the process of
knowledge distillation.

It is widely acknowledged that human associative learning plays a crucial role in many
aspects of human cognition and behavior. In our ALSD method, the distillation process is
similar to the process of human associative learning. In other words, the distilled model in
our framework can effectively learn powerful features by fully exploiting the relationship
information between categories. To be specific, the distilled model utilizes the associated
samples to comprehensively learn the relationships between categories. It guides itself with
its own rich dark knowledge acquired from these associated samples. Following consistent
benchmarks, we verify the effectiveness of the ALSD method on several public datasets,
including CIFAR-10 [26], CIFAR-100 [26], Tiny-ImageNet-200 [27], CUB200-2011 [28] and
Stanford Dogs [29]. In addition, we compare our approach with a variety of knowledge
distillation and self-distillation methods. The contributions are summarized as follows:

• We introduce a highly efficient self-KD framework that emulates human associa-
tive learning, allowing the distilled network to acquire powerful features through
associated samples as its inputs.
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• The student network not only learns the characteristics of the original samples but
also is compelled to acquire knowledge about interclass relations among all categories
in a self-distillation manner.

• Our method delivers promising results compared with the state-of-the-art methods.
For example, on the CIFAR-100 dataset, with the same network, it achieves a 2.22%
higher accuracy rate than the CSKD method. Notably, our method even outperforms
conventional distillation with a pretrained teacher.

Figure 1. Illustration of human associative learning. Inspired by this, the proposed associative
learning for self-distillation (ALSD) method forces the network to learn relationships by knowl-
edge transfer.

The rest of this paper is organized as follows. We briefly introduce the related work
in Section 2. Our ALSD method is proposed in Section 3. The results and discussion are
conducted in Sections 4 and 5. Finally, our conclusions are offered in Section 6.

2. Related Work

In this section, we first briefly introduce the most related works of knowledge distilla-
tion. Then we specifically review recent self-distillation works.

Knowledge distillation is a widely used paradigm for model compression, which
transfers knowledge from a complex teacher model to a compact student model. To be
specific, the teacher network has high accuracy and huge parameters, while the student
network is not as accurate as the teacher network but has fewer parameters. Through
knowledge distillation, we hope that the student network can approach or exceed the
teacher network as much as possible. In this way, we obtain a compact student network
with a similar prediction effect as the teacher network. Ba et al. [30] first proposed a method
that uses the teacher’s logits before the softmax as the regression target to train the student
network, which completes the imitation of the teacher network by forcing the student
network to mimic the teacher network’s logits. Hinton et al. [12] first proposed to use the
soft outputs of the pretrained teacher network as dark knowledge to supervise the training
of the student network. They introduced a temperature hyperparameter T and formulated
the problem as “knowledge distillation”. The student network is forced to learn the soft
targets of the teacher network, which are obtained through using a high temperature T on
the softmax inputs. In the process of knowledge transfer, soft targets often contain richer
information than one-hot targets. Romero et al. [13] extended the knowledge distillation
method proposed by Hinton et al. In their method, the student network can be deeper and
narrower than the teacher network and improve the performance by learning the outputs
of the teacher network and the features of the middle layer. All the above methods are
offline distillation methods [31,32], which need a pretrained teacher network.

In contrast to these methods, online knowledge distillation trains the student network
under the supervision of a teacher from scratch. For example, Zhang et al. [33] proposed a
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mutual learning method, which uses multiple neural networks. Zhao et al. [9] proposed a
collaborative training method, which uses both an expert teacher and a from-scratch teacher
to supervise the student. To reduce the computational cost, Zhou et al. [34] proposed to
employ two different networks which share some low parameters and train separately.
Li et al. [24] observed some interesting phenomena through their experiment. First, they
found that the performance of the student could also be improved when the weak teacher
was used to guide the training process of the student. Second, the performance of the
student network could still be improved when the teacher network was worse than the
student network.

Self-distillation can be regarded as a special case of knowledge distillation. In self-
distillation, the student model uses the same network as the teacher model or the model
guides itself through its own knowledge. A significant advantage of the self-distillation
framework is that no additional teachers are required. In contrast, traditional distillation
first needs to find and train a teacher model with large parameters. Designing a high-quality
teacher model requires a lot of experiments. In addition, it takes a long time to train an
overparameterized teacher model. These issues can be avoided directly in self-distillation.

Recently, a large number of self-distillation methods have been proposed. Hahn et al. [35]
presented a self-knowledge distillation method for NLP, using more information from the
soft target probability of the model to train itself. Hou et al. [25] proposed a new method
of knowledge distillation for lane detection, called self-attention distillation (SAD), which
allows the attention maps in the upper layer of the network to be the learning goal of the
lower layer. Similar to the self-attention distillation of the SAD method, Zhang et al. [36]
proposed a general self-distillation framework to compress the knowledge of the deeper
part of the same network into the shallow part within the network. As a special variant of
self-distillation, Yang et al. [37] proposed snapshot distillation by extracting information
from earlier epochs of the network (teacher) to supervise later epochs of the network
(student), which can effectively prevent the occurrence of the underfitting problem. The
self-distillation method is also used for data augmentation [38,39]. The knowledge of
augmentation is distilled into the model itself by self-distillation. Xu et al. [40] proposed
using different data augmentation methods for each batch, obtaining two batches with the
same label. In the training process, the output differences of batches are minimized, which
improves the diversity and robustness in the same class. In addition, some researchers
pay more attention to combining the self-distillation method with other methods such
regularization [41,42] and BiFPN [43] to further enhance the performance of the student
network. Yun et al. [44] proposed a regularization method to make the output distribution
of two samples with the same label consistent by self-distillation, effectively reducing the
differences within the class and overconfidence in false predictions. Recently, Ji et al. [45]
innovatively combined BiFPN with self-distillation, which utilizes BiFPN to refine features
to construct a self-teaching network and uses an auxiliary self-teaching network to transfer
refined knowledge to a classifier network.

Different from previous self-distillation studies, our method uses associated samples
as the input of the network, rather than single original samples. We use the original samples
to supervise the probability of associated samples. In such a manner, the network can not
only learn the characteristics of the original samples but also fully learn the relationship
between classes. The efficacy of our methodology is substantiated through a series of
experiments across various public datasets.

3. Materials and Methods

In this section, we describe the proposed ALSD method in detail. As illustrated in
Figure 2, the network simulates human associative memory to learn the features of samples.
To be specific, the network gradually learns interclass relationships through associated
samples and uses this knowledge to guide itself by self-distillation. In the following, we
first introduce the motivation of our method. Then we formulate the association distillation
loss for ALSD and present the training procedure.
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Figure 2. Our ALSD method includes two stages. First, the student network learns the features
of classes and interclass relationships through associated samples generated by the original ones.
Second, the student network mimics the output distribution of the teacher network. The teacher
network shares the weights with the student, i.e., the network utilizes the knowledge to guide itself
by self-distillation.

3.1. Motivation

The existing knowledge distillation methods employ diverse strategies to compel
the student network to approach the teacher network. One of the most fundamental and
effective approaches for the student network is to mimic the teacher network’s softmax
outputs. It is noteworthy that the teacher network imparts its dark knowledge to the student
network, encompassing not only predictions for the correct classes but also predictions for
other wrong classes.

In other words, both the correct and wrong soft predictions from the complex teacher
model are positive for training the compact student model. This is due to the valuable rela-
tionship among categories from the soft prediction information. However, the teacher and
student models are the same model in self-KD architecture. Differing from the traditional
knowledge distillation frameworks, within the self-KD framework, the teacher network
cannot utilize its substantial parameter advantage to distill rich relational information
between categories for the student network.

Thus, we propose to improve the self-distillation performance for convolutional
neural networks via associative learning. Figure 1 shows the motivation of our method.
For example, when humans initially learn about animals, they may only be aware of
cats and dogs. At this early stage, humans might only associate cats with dogs because
of their similarities in appearance, while lacking knowledge about other animal species.
Nevertheless, as humans acquire more knowledge of various animals, they may observe
that the patterns of tigers and cats exhibit greater similarity than those of cats and dogs.
Whenever people encounter new animals, they tend to link these new creatures with the
animals they are already familiar with in order to discern relationships and enhance their
memory of the characteristics of these animals.

Inspired by this, we aim to create and distill relationships between categories to
improve self-distillation performance by employing associated samples during the train-
ing process. The proposed method serves a dual purpose. First, it prevents the loss of
class-specific features during the construction of associated samples. Since these samples
are generated through associations, the original samples may lose certain characteristics,
leading to reduced confidence in the network’s output for the original classes. Second,
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the network can more effectively convey interclass information acquired from the as-
sociated samples to itself through the process of self-distillation, resulting in improved
overall performance.

3.2. Associative Learning for Self-Distillation

The purpose of knowledge distillation is to make the distribution of outputs of a
teacher network and a student network close enough. Those distributions are obtained
through the softmax function. In the general softmax function, index e first enlarges the
distance between logits and then normalizes. Its final output is a vector close to one-hot,
of which one entity is very large and the others are very small. Output through such a
softmax will lead to the loss of the relationship between classes in the process of knowledge
transfer, which leads to a student network that cannot fully learn the knowledge from the
teacher network. Therefore, we adopted a more general approach [12]. Our task focuses on
the fully supervised classification task, which means that x ∈ X is input and y ∈ Y is the
label. Suppose that a softmax classifier is used to model a posterior predictive distribution
with the input x; the predictive distribution is

P(y|x; θ, T) =
exp( fy(x; θ)/T)

∑C
i=1 exp( fi(x; θ)/T)

(1)

where f represents the logits outputs by the classifier parameterized with θ and T is
the temperature parameter. This is a concept borrowed from Boltzmann distribution in
statistical mechanics. It can be easily proved that the outputs of softmax will converge
to a one-hot vector when the temperature T tends to 0, and the outputs of softmax will
be softer when the temperature T tends to be infinity. Therefore, we can use a higher
T to make the distribution produced by softmax soft enough when training the student
model. Furthermore, we let the softmax outputs of the student model approximate the
teacher model’s. In such a manner, the student model can learn a lot of dark knowledge
which cannot be learned from hard targets. The normal temperature T is only in the
training phase.

We use Mixup [46] to construct the associated samples and take the cross-entropy
function used in Mixup as the cross-entropy function of our associated samples.

xas = α ∗ x + (1 − α) ∗ x′ (2)

where x is the original sample, x′ is the sample generated in the association process and xas
is the associated sample.

LMCE(xas, ya, yb; θ) = α ∗ LCE(xas, ya; θ)

+(1 − α) ∗ LCE(xas, yb; θ)
(3)

where ya and yb are the corresponding labels of x and x′.
In the training process of associated samples, we utilize the associated samples as

the input of the network, so that the network can learn the relationship between classes
by associated samples. Moreover, as the associated samples may cause feature loss, we
use the probability of the original samples to supervise the probability distribution of
the associated samples, which forces network to learn features of the original samples
and transfer knowledge to itself. The vanilla distillation loss [12] may not achieve our
requirements, as we use associated samples as input. Hence, we propose an association
distillation loss function of associated samples, which enables the model to fully learn
the features of the original samples. The association distillation loss function is shown
as follows:

LCls(x, x
′
, xas; θ, T) = α ∗ KL(P(y|x; θ̃, T)||P(y|xas; θ, T))

+(1 − α) ∗ KL(P(y|x′
; θ̃, T)||P(y|xas; θ, T))

(4)
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where α is the image-mixing-scale coefficient generated by the beta distribution, KL denotes
the Lullback–Leibler (KL) divergence and θ̃ is a fixed copy of the parameters θ. The total
training loss is defined as follows:

LALSD = λ ∗ LMCE + β ∗ T2 ∗ LCls (5)

where λ is the loss weight of cross entropy of associated samples β is the loss weight of
distillation of associated samples. The influence of the weight parameter is discussed in
detail in the following ablation experiment.

3.3. Training Procedure

The training process can be roughly divided into two stages. The first stage is where
the network learns the relationship between the classes. The student network learns the
features of classes and the relationship among classes from the associated samples. It then
outputs the associative probability distribution. The second stage is where the network
self-learns from the original samples. Since the network has fully learned a lot of knowledge
in the first stage, we regard it as the teacher network. In the second stage, the distribution
obtained from the teacher network with the original samples is applied to supervise the
associative probability distribution. As a result, the performance of the network is enhanced
by self-distillation.

In the first stage, we minimize associative cross entropy LMCE(xas, ya, yb; θ) to learn
the relationship of classes. In the second stage, Equation (2) is used to optimize the self-
distillation process. The total process is realized through optimizing the total loss function
as shown in Equation (5). We introduce the detailed procedure in Algorithm 1.

Algorithm 1 Associative Learning for Self-Distillation
Input: image data and label (x, ya).
Output: parameters θ of student model.
Initialize: θ and training hyper-parameters.
Repeat:
Stage 1: Learning relationship among classes.

1: Sample a batch (x, ya) from the training dataset.
2: Get a batch (xas, ya, yb) by Equation (2).
3: Compute LMCE(xas, ya, yb; θ) by Equation (3)

Stage 2: Self-distillation.

1: Compute LCls(x, x
′
, xas; θ, T) by Equation (4)

2: Compute LALSD by Equation (5)
Until: θ converges.

4. Results

In order to evaluate the performance of our ALSD method, we implement exper-
iments on conventional and fine-grained classification tasks. The classification task is
implemented on the CIFAR-10, CIFAR-100 and Tiny-ImageNet-200 datasets, and the fine-
grained classification task is implemented on the CUB200-2011 and Stanford Dogs datasets.
The fine-grained classification task is also called a subclass classification task, which is
a research subject that has been highlightedin the field of computer vision and pattern
recognition in recent years. Its purpose is to classify coarse-grained large categories into
more detailed subcategories. However, due to subtle differences between subclasses and
great interval differences, the fine-grained classification task is more difficult than the
conventional classification task.

4.1. Implementation Details

We chose the most commonly used ResNet [1] network for our experiments on multi-
ple datasets. We use stochastic gradient descent (SGD) [47] with momentum 0.9, weight
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decay 0.0001. We set initial learning rate as 0.1, which is divided by 10 on epochs 100 and
150, respectively. We set the batch size as 128 and total epochs as 200 for conventional
classification tasks and 32 and 200 for fine-grained classification tasks. In our method,
the temperature parameter T is set to 4, and the loss weights λ and β are set to 0.1 and 1,
respectively. Our experiments are repeated three times in the case of random seeds, and
the average value is taken as the final result. All experiments are implemented on GPU
using PyTorch.

4.2. Cifar-10 and CIFAR-100

The CIFAR-10 dataset consists of 60,000 32 × 32 color images in 10 classes, and each
class has 6000 images. There are 50,000 training images and 10,000 test images. The dataset
is divided into five training batches and one test batch, and each batch has 10,000 images.
The test set contains exactly 1000 randomly selected images from each category. The
CIFAR-100 dataset is an extension of the CIFAR-10 dataset. It has 20 categories and a
total of 100 subclasses. Each subcategory contains 600 images (500 training images and
100 test images), and each image has a small label and one big label. Our experiments use
ResNet18 as the basic model. We set comparative experiments with different methods on
two datasets, CIFAR-10 and CIFAR-100. The results are shown in Table 1. Note that we
first train the ResNet18 network normally on the CIFAR-10 and CIFAR-100 datasets and
obtain a pretrained ResNet18 network with an accuracy of 94.86% and 75.30%, respectively.
Networks are initialized randomly in the training procedure. From the experimental results
in Table 1, we can find our ALSD method improves the generalization ability of the network
and shows comparable performance to the existing methods on both the CIFAR-10 and
CIFAR-100 datasets.

Table 1. Classification accuracy (%) on CIFAR-10 and CIFAR-100. The best results for each experiment
is shown in bold.

Method CIFAR-10 Acc (%) CIFAR-100 Acc (%)

Baseline 94.86% 75.30%
KD 95.66% 76.68%
AT 94.89% 75.84%

RKD 95.13% 76.02%

ALSD 96.04% 80.10%

Specifically, our method has a certain improvement compared with conventional
distillation methods such as KD, AT and RKD. We use the vanilla distillation method to
train the ResNet network, and it achieves a 95.66% accurate rate. The accuracy of the
ResNet18 network trained using our method reaches 96.04% with a 0.38% improvement
over the original distillation method. Note that in the KD [12], AT [48] and RKD [49]
methods, the teacher networks use the pretrained ResNet18. Furthermore, our method
does not use the pretrained ResNet18 as the teacher network. In [24], it is pointed out
that the performance of the teacher does not have that great an effect on the student, and
experiments have shown that self-training can also achieve similar effects to conventional
KD. Although there is no extra teacher for our method, its performance is not worse than
the offline distillation method.

On the CIFAR-100 dataset, we set up the same experiment as on the CIFAR-10 dataset.
Surprisingly, on the CIFAR-100 dataset, the network trained by our ALSD method is
significantly improved compared to the independent ResNet18 network. The ResNet18
trained by our ALSD method achieves an accuracy of 80.10%, which is 4.8% higher than
the independent ResNet18. As depicted in Figure 3a, the students obtained by our ALSD
method are significantly improved compared to the others. The baseline represents the
ResNet18 network trained individually. We can observe that our ALSD method has a
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significant improvement in final accuracy and is better than other existing distillation
methods. In the following, we discuss the visualization results depicted in Figure 4.

Moreover, we intercept the information of the internal hidden layer and reduce the
dimensionality to visualize it, which intuitively shows the difference between our method
and other methods. Figure 4 shows the visualization results of different methods using
t-SNE [50], which can map high-dimensional data to a low-dimensional space (typically 2D
or 3D) to observe the structure and relationships within the data. It can ensure that similar
data points in the high-dimensional space remain close in the low-dimensional space, while
dissimilar data points move farther apart. From the visualization results, it is evident that
our method enhances the clustering of data points belonging to the same category while
also increasing the separation between data points from different categories. The result of
the visualization highlights the superiority of our method.
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Figure 3. (a) Test accuracy of different knowledge distillation methods on the CIFAR-100 dataset. KD,
AT and RKD methods all use pretrained ResNet18 as the teacher network. (b) The test accuracy of
different self-distillation methods on the CIFAR-100 dataset.

In addition, on the CIFAR-100 dataset, we also measure the top-one accuracy rates
of our method, ALSD, by comparing with the recent DDGSD, BYOT, DML, CS-KD and
FRSKD methods on different classification tasks. Note that although DML is defined as
an online distillation method, it is here regarded as a self-distillation method because
we use the same network as its teacher and student networks. We can see from Table 2
that our ALSD outperforms others consistently. The CS-KD method is one of the latest
self-distillation methods and can be used as a regularization method. This method needs to
preprocess the samples according to their labels before sending samples to the network.

In contrast, our method can save the tedious data processing process and replace
it with simpler associative processing. Using the CS-KD method, the accuracy of the
ResNet18 network is 78.01%, while the accuracy of the ResNet18 network trained by our
ALSD method reaches 80.10%, which is 2.09% higher than the latest CS-KD method. We
plot the test accuracy curves of various methods in Figure 3b on the CIFAR-100 dataset.
As shown in Figure 3b, the students obtained by our ALSD method are significantly
improved compared to other methods. From Figure 3b, we can also clearly find that our
method quickly surpasses other methods in test accuracy after the last adjustment of the
learning rate. At the final epoch, it has a significant improvement in accuracy compared to
other methods.
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Figure 4. The t-SNE of students trained by different methods on the CIFAR-100 dataset. A color
represents a class in CIFAR-100. The visualization results of our method are obviously better than the
other three methods.

4.3. Tiny-Imagenet-200

Tiny-imagenet-200 is an image classification dataset provided by Stanford University.
The Tiny-imagenet-200 dataset is a popular subset of the ImageNet dataset. It contains
200 categories, and each category contains 500 training images, 50 verification images and
50 test images. On the Tiny-imagenet-200 dataset, we use ResNet18 as the student network
to conduct comparative experiments on self-distillation methods.

Table 2 shows the experimental results comparing our method with different self-
distillation methods. As shown in Table 2, we verify the effectiveness of our ALSD method
on the Tiny-Imagenet-200 dataset. On the Tiny-imagenet-200 dataset, the accuracy of
ResNet18 for independent training is 56.63%, and our ALSD method reaches 59.70%, which
is an increase of 2.23% compared to the baseline. Compared with the CS-KD method, our
result is 1.32% higher than the CS-KD method. FRSDK is the latest proposed method, and
its accuracy is 0.3% lower than our method. The above experimental results show that our
proposed ALSD method is better than the existing self-distillation methods.

Table 2. Classification accuracy (%) of various methods on CIFAR-100 and Tiny-Imagenet-200 datasets.
The best result for each experiment is shown in bold.

Dataset Baseline DDGSD BYOT DML CS-KD FRSKD ALSD

CIFAR-100 75.30% 76.15% 76.19% 77.51% 78.01% 77.76% 80.10%
Tiny-Imagenet-200 56.63% 58.52% 55.98% 58.65% 58.38% 59.60% 59.70%

Table 3 shows the comparison between our method and conventional distillation
methods on the Tiny-imagenet-200 dataset, and the effect is improved compared with
conventional distillation methods. Note that in Table 3, all distillation methods except
our method use the pretrained ResNet18 teacher network. In this group of experiments,
we process the image resolution to 32 × 32 and then perform other data augmentation
operations. The other experimental settings are the same as those in IV-A.
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Table 3. Classification accuracy (%) on Tiny-ImageNet-200 dataset. ACC is calculated as the median
of 3 runs of random seeds. The best result for each experiment is shown in bold.

Method Acc (%)

Baseline 56.63%
KD 58.44%
AT 57.49%

RKD 57.45%

ALSD 59.70%

4.4. Cub200-2011 and Stanford Dogs

In this section, we verify the effectiveness of our method by performing fine-grained
classification tasks on the CUB200-2011 and Stanford Dogs datasets.

The CUB200-2011 dataset has 11788 bird images, including 200 bird subclasses. The
training dataset has 5994 images, and the test set has 5794 images. Each image provides
image tagging information, the bounding box of the bird in the image, the key-part infor-
mation about the bird and the attribute information of the bird. The Stanford Dogs dataset
contains images of 120 kinds of dogs from around the world. This dataset is built using
images and annotations from ImageNet for fine-grained classification tasks. On these two
datasets, we use ResNet18 as the student network to implement fine-grained classification
tasks on the self-distillation methods.During image data processing, we first process the
image resolution to 224 × 224 and then send it to the network after random rotation and
horizontal flip. The other experimental settings are the same as in IV-A.

As can be seen from Table 4, our method on the CUB200-2011 dataset greatly improves
the performance of the student network and shows comparable performance with other
SOTA methods. The accuracy of the individually trained ResNet18 network reaches 54%,
and the accuracy of our method reaches 70.09%. The FRSKD method, with the highest
accuracy of the previous self-distillation methods, is 12.72% higher than the baseline. Our
method continues to improve by 3.37% on the latest self-distillation method. Similarly
on the Stanford Dogs dataset, our method also has better performance than the latest
self-distillation method. The latest FRSKD method has an accuracy of 69.15%, while our
method has an accuracy of 71.51%. The overall results show that our method, ALSD,
outperforms the SOTA self-distillation methods.

Table 4. Classification accuracy (%) of various methods on CUB200-2011 and Stanford Dogs datasets.
Baseline means the ResNet18 network trained individually. The best result for each experiment is
shown in bold.

Dataset Baseline DDGSD BYOT DML CS-KD FRSKD ALSD

CUB200-2011 54.00% 58.53% 59.24% 54.15% 66.72% 67.52% 70.09%
Stanford Dogs 62.71% 68.47% 65.98% 63.24% 69.15% 70.75% 71.51%

5. Discussion
5.1. Improvements on Various Architectures

As shown in Table 5, we verify the effectiveness of our method on several network
structures. We not only consider the complex network structure (e.g., DenseNet-121) but
also the lightweight network (e.g., MobileNetV2). The experimental results show that our
method is obviously improved compared with the common training methods. For example,
the precision of DenseNet-121 on CIFAR-100 is improved by 3.69% compared with the
vanilla method.
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Table 5. Demographic prediction performance comparison by three evaluation metrics.

Dateset Method Architecture

CIFAR-100

Vgg13 Vgg8 MobileNetV2 ShuffleNetV2 DenseNet-121

Vanilla 72.93% 68.99% 52.41% 65.47% 77.77%
Our ALSD 75.36% 70.27% 62.83% 72.83% 81.46%

Tiny-Imagenet-200

Vgg13 Vgg8 MobileNetV2 ShuffleNetV2 DenseNet-121

Vanilla 59.90% 55.68% 49.27% 56.67% 60.78%
Our ALSD 62.61% 58.80% 54.89% 59.36% 63.36%

5.2. Ablation Experiment

The influence of the hyperparameters. In this part, we investigate the influence of
the hyperparameters λ and β on the experimental results. With the ResNet18 network
on the CIFAR-100 dataset, we use our self-distillation method to implement the ablation
experiments. We constantly adjust the values of λ and β to observe the influence of the
ratio of λ to β on the experimental results. From Table 6, we can observe that the cross-
entropy loss plays a decisive role in the entire backpropagation process. When λ is set to
0, the network accuracy is only 1.29%. When we set β to 0, it is equivalent to only that of
Mixup. We find that appropriately reducing the ratio of λ to β can improve the accuracy.
Interestingly, when the ratio is lower than 0.1, the accuracy decreases instead.

Table 6. Classification accuracy (%) on CIFAR-100 dataset. In Equation (4), λ is the loss weight of
cross entropy of associated samples. β is the loss weight of distillation of associated samples.

λ β Acc (%)

1 0 78.65%
0 1 1.29%
1 1 79.10%

0.1 1 80.09%
0.1 1.5 79.85%
0.1 2 79.54%

Comparison with traditional knowledge distillation. Traditional knowledge dis-
tillation methods utilize a pretrained teacher network’s refined feature map or its soft
label. Thus, we compare our ALSD approach and the traditional knowledge distillation
approaches. For our experiments, we pretrain ResNet-34 as the teacher network, and we
use ResNet-18 as the student network. For fair comparisons, all methods in our experiments
employ the feature distillation as well as the soft label distillation. Our ALSD approach
uses ResNet-18 as a classifier network to meet the identical conditions. Table 7 shows
that our ALSD method outperforms the traditional knowledge distillation methods with a
pretrained teacher network on most datasets.

Compared to the noisy student algorithm, our approach based on a self-distillation
framework is simpler and more straightforward. Thus, our approach does not rely on
additional unlabeled data; it only uses the original labeled data for training, making it
suitable for scenarios with limited data availability. The objective of our approach is to
improve model generalization and robustness by learning from the soft labels generated
by the model itself. In the majority of cases, self-training performs well on datasets
of different sizes and complements pretraining. However, its effectiveness depends on
data quality, reliability of labeled data, accuracy of pseudolabels and choice of model
and adjustment strategies. For our approach based on a self-distillation framework, the
performance improvement of the self-distillation method depends on how efficiently
effective information is distilled from the teacher model.
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Table 7. Classification accuracy (%) of knowledge distillation. ResNet-18 is used as student network.
The best result for each experiment is shown in bold.

Method CIFAR-100 Tiny-Imagenet-200 CUB200-2011 Stanford Dogs MIT67

Baseline 75.30% 56.63% 54.00% 62.71% 55.91%
FitNet 76.67% 58.92% 58.97% 67.18% 59.18%

AT 75.89% 59.52% 59.28% 67.65% 59.38%
Overhaul 74.51% 59.42% 59.58% 66.43% 58.88%
FRSKD 77.76% 59.60% 67.52% 70.75% 61.18%

our ALSD 80.10% 59.70% 70.09% 71.51% 61.11%

6. Conclusions

We present a novel method for self-distillation and show the performance of our
framework by comparing with state-of-the-art distillation methods. The proposed method
is similar to human associative learning, which uses associated samples as inputs instead
of the original samples, aiming to fully improve the efficiency of knowledge transfer in the
process of knowledge distillation. In detail, we employ associated samples as the inputs,
so that the network can fully learn the relationships among categories. Moreover, we
combine self-distillation to constantly guide the learned knowledge so as to better learn the
features of the original samples. Our method achieved excellent performance on several
public datasets such as the CIFAR-10, CIFAR-100, Tiny-ImageNet-200, CUB200-2011 and
Stanford Dogs datasets, which proves the effectiveness of our method. Unlike traditional
distillation methods used to compress and accelerate models, our method is more of a
training technique to improve the model performance. Although most of the previous
studies focus on the knowledge transfer of original samples, we believe that the knowledge
transfer method of associated samples is also promising.
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