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ARTICLE INFO ABSTRACT

Publishing editor: Yu-Lian He Knowledge distillation, as a pivotal technique in the field of model compression, has been widely
applied across various domains. However, the problem of student model performance being

Keywords: limited due to inherent biases in the teacher model during the distillation process still persists. To

De-biasing address the inherent biases in knowledge distillation, we propose a de-biased knowledge distil-
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lation framework tailored for binary classification tasks. For the pre-trained teacher model, biases
in the soft labels are mitigated through knowledge infusion and label de-biasing techniques. Based
on this, a de-biased distillation loss is introduced, allowing the de-biased labels to replace the soft
labels as the fitting target for the student model. This approach enables the student model to learn
from the corrected model information, achieving high-performance deployment on lightweight
student models. Experiments conducted on multiple real-world datasets demonstrate that deep
learning models compressed under the de-biased knowledge distillation framework significantly
outperform traditional response-based and feature-based knowledge distillation models across
various evaluation metrics, highlighting the effectiveness and superiority of the de-biased
knowledge distillation framework in model compression.

1. Introduction

In the field of deep learning, with the increasing complexity of model structures and the increase in training data volume, significant
breakthroughs have been achieved in model performance [1-3]. Although this progress is encouraging, it also faces challenges such as
overfitting, high consumption of computing resources, and high sensitivity of models to different data distributions. These issues limit
the application and deployment of deep learning models in resource-constrained environments [4-6]. In order to improve the avail-
ability and performance of models in resource-constrained environments and enhance their generalization ability, researchers have
proposed many model compression methods [7-10]. Hinton et al. proposed the technology of knowledge distillation among them [11].
This technology utilizes the rich knowledge contained in a complex and high-performance teacher model to guide the training process of
a lightweight student model, enabling the student model to achieve performance levels similar to the teacher model. Knowledge
distillation technology can be mainly divided into two types: One is response-based knowledge distillation, which focuses on utilizing
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the logits distribution output by the teacher model; another approach is feature-based knowledge distillation, which focuses on utilizing
information from the middle layer of the teacher model [12].

At first, knowledge distillation technology mainly optimized the performance of student models by maximizing the distribution
similarity between the logits predicted by teacher and student models [13]. With the passage of time, the emergence of feature-based
knowledge distillation has gradually shifted the focus of research [14], because this method has shown more significant advantages in
improving model performance compared with response-based knowledge distillation [15-17]. However, feature distillation faces
additional computational burdens, including complex model structures and computational operations, which often exceed the
acceptable range of practical applications [18]. At the same time, although response-based knowledge distillation may not perform as
well as feature distillation in terms of performance, it requires much less computing resources and storage space, providing convenience
for the deployment of student models. More importantly, it relies on high-dimensional semantic features in the teacher model, which
theoretically should include richer knowledge. Therefore, intuitively, response-based knowledge distillation can achieve more effective
knowledge transfer.

We believe that the bias of the teacher model itself is a key factor limiting the effectiveness of response-based knowledge distillation
[19]. In view of this, we propose a de-biased knowledge distillation (DeBKD) framework suitable for binary classification tasks. This
framework integrates knowledge infusion and label de-biasing techniques based on the basic principles of knowledge distillation,
aiming to simultaneously reduce the teacher model bias contained in soft labels and improve the performance of student models. By
using label de-biasing techniques, the student model is given more freedom to explore the correlation between categories, effectively
reducing the limitation of original soft label biases on the performance of the student model. And by using knowledge infusion tech-
niques to correct misjudged samples from the teacher model, the student model becomes less prone to errors, thus accelerating the
convergence of the model. DeBKD not only enables the student model to inherit the high performance of the teacher model, but also
reduces the potential bias impact in the data, thereby enabling the model better generalization ability and fairness when dealing with
diverse datasets. Through a series of experiments on real datasets, we have validated the effectiveness of the DeBKD framework on
model compression. The main contributions of this study are as follows.

1) This article proposes a distillation framework called DeBKD to address the potential teacher model bias issue in response-based
knowledge distillation. This framework effectively utilizes the knowledge of teacher models and provides students with sufficient
learning freedom to achieve better performance, achieving efficient and convenient model compression.

2) This article proposes a flexible deviation removal technique called knowledge infusion. It effectively reduces the negative impact of
teacher model prediction biases on student model performance and demonstrates the universality of unbiased techniques in
achieving efficient model compression.

3) We conducted a series of comprehensive experiments to determine the effectiveness of the DeBKD framework. The results show that
the DeBKD framework’s model compression ability in binary classification tasks exceeds that of traditional response-based
knowledge distillation and feature-based knowledge distillation.

2. Related work
2.1. Research on biases in deep learning

In the fields of machine learning and deep learning, biases in data, algorithms, or models can lead to a decline in the generalization
performance of models. To address bias issues, Xu et al. [20] proposed a knowledge distillation method based on uncertainty constraints,
aimed at de-biasing the conversion rate (CVR) estimation model by extracting knowledge from non-clicked samples. This method
achieves an unbiased estimation across the entire space by generating reliable pseudo labels, but its ultimate effectiveness depends on
the quality of these pseudo labels. Li et al. [21] highlighted that biased data could lead to incorrect gradient updates and model
overfitting, and they developed a de-biasing generative framework for graph data to effectively mitigate the impact of biased data. This
framework demonstrates good performance in handling the bias in graph data, but there is still room for the improvement in terms of
computational complexity and scalability. Cao et al. [22] investigated the issue of the spectral bias observed in deep learning, where
neural networks tend to learn functions of lower complexity. Their experiments showed that over-parameterized neural networks are
more inclined to learn lower-order spherical harmonic functions. While this study reveals learning preferences of neural networks,
further exploration is needed on how to effectively guide networks to learn more complex functions. In addition, de-biasing techniques
have also been widely studied in areas such as pre-trained language models (PLMs) [23], recommendation systems [24], meta-learning
[25], and natural language processing [26]. Current research on de-biasing techniques primarily focuses on mitigating data imbalance
or unfairness during the data preprocessing stage, with little attention given to biases arising during model interaction processes. This
paper innovatively introduces the concept of de-biasing domains, effectively reducing biases in the information transfer process between
models, thereby enhancing the effectiveness and efficiency of information interaction.

2.2. Knowledge distillation

The concept of knowledge distillation was first formally introduced by Hinton et al. [11], with the aim of transferring a large and
complex teacher model to a small and simple student model through the use of soft labels, thereby improving performance while
compressing the model. Current research on knowledge distillation mainly focuses on the efficient deployment of deep learning models
in resource-constrained environments. Heo et al. [27] proposed a new feature distillation method based on feature knowledge, which
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Fig. 1. Ilustration of the classical knowledge distillation (KD) and our de-biased knowledge distillation (DeBKD).

enhances the student's learning ability of the teacher’s deep information by directly transferring feature layer information, although it
does not effectively address model heterogeneity issues. Park et al. [28] emphasized the relationships between data samples and utilized
these relationships to achieve knowledge distillation, further improving the model’s ability to capture inter-sample relationships. Zhao
et al. [29] decoupled knowledge distillation into two parts: Target class knowledge distillation (TCKD) and non-target knowledge
distillation (NCKD), verifying the effectiveness of NCKD and the coupling loss of the original model. Although knowledge distillation has
been widely used in deep learning as a mainstream technique for model compression and acceleration, bias issues limit its application in
the fields with higher demands for model accuracy and fairness, such as healthcare, finance, and autonomous driving. Currently, there is
little research on addressing the bias during the knowledge distillation process. Zhou et al. [30] studied the impact of regularized
samples on knowledge distillation to tackle bias issues, indicating that further improvements in soft labels are needed to assist neural
networks in de-biasing. Based on this approach, this paper utilizes label de-biasing and knowledge infusion techniques to eliminate the
bias in the soft labels of teacher models and further proposes the DeBKD loss to help the student model avoid the influence of the bias
present in the teacher model. In Fig. 1, we demonstrate the difference between DeBKD and traditional response-based knowledge
distillation in terms of optimization objectives. Unlike knowledge distillation, where the distillation process simply combines hard and
soft labels for joint supervision, we apply label de-biasing and knowledge infusion to the soft labels. We redefine the loss function as a
weighted sum of the hard loss and de-biased label loss, where f is a hyperparameter. Experimental results demonstrate that by pro-
cessing the soft labels, DeBKD effectively reduces the impact of inherent biases from the teacher model in knowledge distillation.

3. Methodology

In this section, we will first review the traditional knowledge distillation method, followed by an introduction to the DeBKD
approach that we have developed.

3.1. Background

As a primary model compression technique, knowledge distillation has been widely employed in various vision tasks. This approach
typically involves a two-step process. First, a complex and high-performing teacher model, referred to as Teacher, is pre-trained.
Subsequently, a lightweight student network, referred to as Student, is trained under the joint supervision of both the real labels and
the soft labels or intermediate layer information output by the teacher model. Through the knowledge distillation process, the student
model is able to learn and acquire the knowledge of the teacher model, facilitating its eventual deployment. For a classification dataset
with k classes, given an input vector x, the logits output of the teacher model is denoted as z = [21,22,--+,2]. Specifically, in the case of a
binary classification task, the logits output of the teacher model can be expressed as z = [z¢,2r|, where 2 represents the output value for
the correct class and zr represents the output value for the incorrect class. In the traditional knowledge distillation process, the soft labels
output by the teacher model can be obtained by applying the softmax function to the model's logits:

eZ{j/T
9c = et 1 el (1a)
ar=1-4q¢ (1b)

where T represents a temperature parameter that regulates the smoothness of the distribution. A lower T value sharpens the distribution,
magnifying the distinctions between different distributions and directing the distillation process to concentrate primarily on the most
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Fig. 2. Workflow of the proposed de-biased knowledge distillation framework.
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Fig. 3. Process of knowledge infusion.

probable class in the output logits of the teacher model. Conversely, a higher T value flattens the distribution, narrowing the dis-
crepancies between the two models and enabling the distillation to encompass the full range of the logits distribution.

The cross-entropy loss function is employed to minimize the discrepancies between the soft label probabilities of the student and
teacher models, as well as the deviations from the true labels. This approach is instrumental in enhancing the performance of the
lightweight student model, ensuring it achieves optimal effectiveness:

Lyp = aLsof + (1 — &) Lijara (2)

where the cross-entropy between the output of the student model’s logits [p%, pf|, when processed with the same temperature, and the
soft labels forms the first part of the distillation loss:

Lot = — (g log(pi™") + g log(pr~')). 3)

The cross-entropy between the softmax output of the student model under T = 1 and the true labels constitutes the second part of the
distillation loss:

LHard = - 108 (PZZI) (4)

3.2. De-biased knowledge distillation

The knowledge distillation method, which employs the logits distribution output by the teacher model as the fitting target during
training, transfers not only the teacher’s expertise to the student model during model compression but also its inherent biases. These
biases could potentially restrict the student model’s learning capacity, as the student may inherit and even amplify these biases. To
mitigate the impact of biases introduced by the teacher model, it is suggested to utilize de-biased labels instead of soft labels as the fitting
target during training. Fig. 2 illustrates the workflow of the DeBKD framework. In this framework, de-biasing focuses on correcting
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misclassifications and inherent biases in the teacher model. For misclassifications, we extract soft labels for incorrectly categorized
instances from a teacher model pre-trained on a binary classification dataset. We then apply knowledge infusion techniques, using the
average distribution of the model’s correct predictions as a corrective measure. All soft labels are subsequently adjusted with a label de-
biasing technique to address inherent biases. These de-biased labels, along with hard labels, jointly supervise the training of the student
model.

3.2.1. Knowledge infusion

The biases present in the teacher model manifest through its misclassifications, which negatively impact the convergence and
robustness of the student model. This issue arises from the discrepancy between the teacher’s incorrect predictions and the true labels.
When the student model attempts to learn from these misclassified soft labels, it encounters a dilemma: Aligning with the true labels
increases the soft label loss, whereas overfitting to the misclassified soft labels raises the true label loss. This conflict can significantly
hinder the student model’s convergence speed and overall performance.

In Fig. 3, we illustrate the process of knowledge infusion. To mitigate the negative impact of biases introduced by the teacher
model’s misclassifications on the student model’s learning process, the technique of knowledge infusion has been proposed.
Knowledge infusion aims to optimize the student model’s training process by adjusting the soft label distributions of the teacher
model’s misclassifications. Instead of directly using the logits distributions of these misclassifications, knowledge infusion extracts
the mean logits distribution [2¢, Zr] from the teacher model’s correct predictions across all training samples and uses this mean
distribution as a substitute for all misclassifications. Since the student model is now guided towards learning more focused and
representative knowledge distribution, this helps to eliminate the biases that originate from the teacher model’s misclassifications.

3.2.2. Label de-biasing

To mitigate the biases carried in the soft labels and give the student model more freedom to explore inter-class relationships based on
the teacher’s guidance, we can uniformly divide the output class probability distribution space of the teacher model into n de-biased
regions ; = [E1, £1)i = 1,2, - n. If the softmax output distribution of the correct class falls within the j-th de-biased region g% €
I;, while the distributions of incorrect classes fall within the (n—j+1)-th de-biased region g% € I,_j 1 accordingly, then the student model's
optimization objective during training is to optimize towards the corresponding de-biased regions [I;, I,_j;1] rather than the original
soft label distributions [g%, g7]. Through this design of de-biased regions, the aim is to attenuate potential biases in the teacher model
while also making the inter-class relationships more ambiguous, encouraging the student model to grasp the essential connections
between classes through independent learning. This approach not only helps to enhance the student model's generalization ability, but
also facilitates the model's exploration of richer and more complex data representations during the learning process.

3.2.3. De-biased knowledge distillation loss

The knowledge distillation loss based on responses aims to minimize the difference between the logits distributions of the student’s
output and those of the teacher’s output, as well as the difference between the student model’s predictions and the true labels.
Considering that the biases in the teacher model are primarily introduced by the soft label loss, de-biased labels are introduced to replace
the soft labels as the new optimization target. The goal is to enable the student model to fit the teacher model’s output within the defined
de-biased regions. The de-biased label loss is defined as

Lif pLel
Lo =94 . f ! (5)
0,if p~ ¢ I.

To achieve better performance for the student model, the true labels are also introduced to jointly supervise the training of the
student model. The de-biased distillation loss is defined as

Lpepkp = fLpes + Litard (6)

where f is a self-defined weight hyperparameter. A higher $ value will encourage the student model to focus more on exploring the
relationships between classes, improving the model’s generalization ability. Conversely, a lower $ value will prioritize the improvement
of model performance and accelerate the convergence of the model.

4. Experiment

In this section, the proposed DeBKD framework is applied to residual neural networks with different numbers of layers to evaluate
the distillation effectiveness of the framework. As an improved response-based knowledge distillation framework, we compare it with
traditional response-based knowledge distillation and feature-based knowledge distillation. All results are reported as the average of
three trials.

4.1. Datasets

Three publicly available binary image datasets from Kaggle are selected in this paper: Dog and Cat (D&C), which consists of 12501
color images of various breeds of cats and 12501 color images of various breeds of dogs; Chihuahua and Muffin (C&H), comprising 5917
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Table 1

Comparison of distillation effects across different datasets.
Method D&C C&H C&B

Acc (%) Pre (%) Rec (%) Acc (%) Pre (%) Rec (%) Acc (%) Pre (%) Rec (%)

Teacher 84.98 84.22 84.22 90.03 90.13 90.38 93.23 93.40 93.26
KD-18 82.64 82.64 83.33 88.09 89.58 97.32 91.32 90.84 91.35
KD-8 79.54 80.09 79.54 83.78 84.68 83.07 82.94 86.93 82.77
FKD-18 82.98 82.88 83.05 88.74 89.94 87.67 91.79 91.87 91.65
FKD-8 79.44 79.47 79.36 86.42 86.56 86.36 84.21 84.33 84.13
DeBKD-18 83.12 83.58 83.12 89.78 89.85 89.57 93.34 93.85 93.31
DeBKD-8 80.80 80.81 80.80 86.73 87.48 86.15 89.06 90.23 88.97

color natural images of varying sizes, including 3199 images of chihuahuas and 2718 images of muffins; Car vs Bikes (C&B), a collection
of 2000 images of bicycles and cars, including all types of bicycles and cars.

To unify the input format and optimize the model training efficiency, the following preprocessing steps are performed on all datasets:
Firstly, the image size is uniformly adjusted to 32 x 32 pixels to ensure consistent processing of data in the model. Then, normalization is
applied to scale the pixel values of each channel of the images to the range [0, 1] and further adjusted to a distribution with a mean of 0.5
and a standard deviation of 0.5, aiming to mitigate the effects of illumination variations and color biases during model training. Among
the images, 70% are used for the training set, 10% for the validation set, and 20% for the test set.

4.2. Evaluation metrics

Commonly used metrics to evaluate the classification performance of network models, including accuracy (Acc), precision (Pre), and
recall (Rec), are often applied in binary classification tasks. Their calculation formulas are shown in (7)-(9):

TP+ TN
Acc=—————— 7)
TP+ TN + FP + FN
TP
Pre———
= TP FP ®
TP
Rec———
CTTPLEN ®

where TP, TN, FP, and FN represent the numbers of true positives, true negatives, false positives, and false negatives, respectively.

By integrating these three metrics, we assess the model's performance from multiple angles—its overall effectiveness, accuracy of
positive predictions, and coverage of positive samples. This comprehensive evaluation offers crucial insights into the model's strengths
and areas for the improvement, guiding further optimization and applications.

4.3. Overall comparison

Using a 50-layer deep residual neural network as the teacher model, experiments were conducted on 18-layer and 8-layer deep
residual neural network student models employing response-based knowledge distillation (KD-18 & KD-8 in Table 1), feature-based
knowledge distillation (FKD-18 & FKD-8 in Table 1), and the proposed de-biased knowledge distillation (DeBKD-18 & DeBKD-8 in
Table 1). In these experiments, the outputs of the first, third, and last residual blocks of the teacher model were selected as feature maps
for the student model to learn and fit. Through evaluation on three real-world datasets, the performance of DeBKD in model compression
was compared with other knowledge distillation methods, including classification accuracy, precision, and recall.

The experimental results in Table 1 demonstrate that DeBKD outperforms traditional response-based knowledge distillation methods
in all evaluation metrics. When applied to the 18-layer residual neural network, DeBKD achieved accuracy improvements of 0.48%,
1.69%, and 2.02% over response-based knowledge distillation on the three datasets, respectively. The accuracy gains were even more
significant on the 8-layer network, with the increases of 1.26%, 2.95%, and 6.12%, respectively. This achievement proves that DeBKD,
through knowledge infusion and label de-biasing techniques, achieves more effective knowledge transfer, enabling the student model to
learn and utilize knowledge better, surpassing the learning capacity limitations of traditional methods, and thereby achieving superior
performance.

Moreover, DeBKD outperforms feature-based knowledge distillation methods in almost all metrics. Although previous studies often
indicate that feature-based knowledge distillation outperforms response-based knowledge distillation in most cases, the application of
DeBKD demonstrates that response-based knowledge distillation can surpass feature-based methods when the student model can more
effectively utilize deep semantic logits distribution information. Specifically, the accuracy improvements on the 18-layer network were
0.14%, 0.96%, and 1.55%, while on the 8-layer network, the accuracy gains were 1.36%, 0.31%, and 3.85%. These results highlight the
potential of DeBKD in promoting model compression and enhancing learning efficiency.
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Table 2

Impact of different learning freedom on the classification accuracy.
Learning freedom D&C C&H C&B

DeBKD-8 DeBKD-18 DeBKD-8 DeBKD-18 DeBKD-8 DeBKD-18

1/8 78.98 79.42 70.62 85.21 82.81 88.54
1/10 79.48 82.08 83.71 86.73 86.79 91.02
1/12 80.80 83.12 84.38 89.78 89.06 93.36
1/14 79.64 80.36 86.73 85.81 85.47 91.15
1/16 77.40 78.48 85.05 84.29 83.85 91.15

4.4. Parameter sensitivity analysis

4.4.1. Impact of different learning freedom

Learning freedom (1/n) defines the scope of the student model’s ability to independently explore and identify complex relationships
among data during the DeBKD process, which essentially represents the breadth of the de-biased domain. This concept is based on a core
assumption: If learning freedom is too low, the student model will be overly influenced by the biases of the teacher model, thus limiting
its learning potential. In extreme cases, when learning freedom is extremely low, approaching zero, the DeBKD process effectively
becomes indistinguishable from traditional response-based knowledge distillation methods. Conversely, excessively high learning
freedom may prevent the student model from effectively utilizing the guidance of the teacher model, instead relying solely on its own
capabilities for learning and optimization, which can also lead to suboptimal learning outcomes. By appropriately adjusting learning
freedom, the model can be prompted to more efficiently identify and utilize complex features and patterns in the data during the
learning process, making learning freedom a crucial metric for assessing the model’s autonomous learning capabilities and reducing its
dependence on the teacher model.

The impact of different learning freedom on the classification accuracy of 18-layer and 8-layer deep residual neural network models
(DeBKD-8 & DeBKD-18 in Table 2) was investigated across three datasets, and the results are presented in Table 2. It was observed that
the performance declined steadily when the learning freedom was less than or larger than 1/12. This trend aligns with the initial
hypothesis that the student model suffers from the biases of the teacher model when learning freedom is too low, and fails to effectively
utilize the information transmitted by the teacher model when learning freedom is too high. The highest accuracy was achieved when
learning freedom was set to 1/12, which has been established as the default setting for the DeBKD framework.

4.4.2. Impact of different mixing weight

In the DeBKD framework, one of the significant improvements to the traditional distillation process is the introduction of the de-
biased label loss, which replaces the standard soft label loss. The design of this de-biased label loss aims to mitigate the influence of
potential biases from the teacher model on the student model, while enhancing the student model’s autonomy in identifying complex
relationships between categories. The introduction of the mixing weight (f) further refines this improvement by adjusting the ratio
between the de-biased label loss and the hard label loss, providing a flexible mechanism to balance the proportion of guided knowledge
and self-discovery in the model’s learning.

During experimental observations on three different datasets, we noticed that when the mixing weight was maintained within the
range of 0.1-0.3, the model exhibited stability in performance. This indicates that within this range, the mixture of de-biased label loss
and hard label loss can effectively promote the student model's learning without introducing additional performance losses. This
parameter setting demonstrates its generalizability and robustness under certain environments.

However, once f exceeds 0.3, the model’s performance begins to decline significantly. This phenomenon reveals an important
insight: While the de-biased label loss plays a positive role in encouraging the student model to explore complex relationships between
categories, it should not occupy an overly dominant position in the loss function. An excessively high weight for the de-biased label loss
may lead the model to rely excessively on self-exploration, ignoring valuable guidance information provided by the teacher model,
ultimately impairing learning efficiency and final performance. In our series of experiments, # was uniformly set to 0.2.

Table 3
Impact of knowledge infusion (KI) on model performance (4 indicates the change in performance).
Method KI Dataset
D&C C&H C&B
Acc (%) A (%) Acc (%) A (%) Acc (%) A (%)
KD X 79.54 - 83.78 - 82.94 -
v 79.86 +0.32 84.64 +0.86 83.61 +0.67
FKD X 79.44 - 86.42 - 84.21 -
v 79.97 +0.53 86.77 +0.35 85.02 +0.81
DeBKD X 79.64 - 86.73 - 87.11 -
v 80.80 +1.16 87.75 +1.44 89.06 +1.95
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4.5. Ablation study

Within the DeBKD framework, the knowledge infusion technique serves as a flexible enhancement tool aimed at mitigating biases in
the misclassified class logits distribution of the teacher model and reducing the learning difficulty for the student model. This technique
optimizes the transfer of misclassified information, enabling the student model to learn and understand complex data patterns more
effectively, thereby enhancing its generalization capabilities without sacrificing model accuracy.

To validate the effectiveness of the knowledge infusion technique in improving model performance and its broad applicability, a
series of ablation experiments were designed to compare the classification accuracy of an 8-layer deep residual neural network model,
with and without knowledge infusion, across different datasets. The aim of these experiments was to gain deeper understanding of the
specific impact of knowledge infusion on model performance and its role in various knowledge distillation strategies. The experimental
results, summarized in Table 3, reveal that the knowledge infusion technique has a positive impact on model performance. Irrespective
of whether the knowledge distillation approach is based on responses (KD), features (FKD), or the de-biased method (DeBKD), the
models employing knowledge infusion demonstrate varying degrees of improvement in classification accuracy. Notably, under the
DeBKD framework, the incorporation of knowledge infusion leads to a higher increase in accuracy compared with other methods,
indicating that the combination of label de-biasing and knowledge infusion can produce a synergistic effect, further optimizing the
learning process and outcomes.

These findings confirm the potential of the knowledge infusion technique as an effective means of enhancing model performance and
emphasize its significant value in improving the accuracy and robustness of deep learning models. Through rigorous ablation experi-
ments, we have not only validated the universal applicability of knowledge infusion across multiple distillation frameworks, but also
demonstrated its significant effectiveness in enhancing the performance of student models, providing new perspectives and methods for
future deep learning research and applications.

5. Conclusion

This study proposes the de-biased knowledge distillation (DeBKD) framework, effectively addressing the performance limitations in
deep learning models caused by the model bias during the knowledge distillation process. Experimental results on real datasets demon-
strate that the DeBKD framework significantly enhances the performance of student models by improving the quality of knowledge
transferred from the teacher model. By reducing the impact of the biases inherent in the teacher model, the DeBKD framework enables
student models to more accurately capture and emulate the knowledge of the teacher model, thereby extending the breadth and depth of
knowledge distillation applications. Moreover, this study introduces a flexible knowledge infusion technique that can be deployed during
the knowledge distillation process. Through innovative bias correction of the teacher model’s misclassified samples, it reduces the
misinformation impacting the student model during training. A series of experiments validated the effectiveness of this technique,
demonstrating its wide applicability across various deep learning scenarios. This framework provides new insights and tools for the design
and optimization of model compression in deep learning models, particularly in enhancing model performance and eliminating biases. In
future research, we will further explore the potential of the DeBKD framework in multi-classification task scenarios.
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