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Abstract
Knowledge distillation (KD) is a model compression tech-
nique that transfers knowledge from a large teacher model to
a smaller student model to enhance its performance. Existing
methods often assume that the student model is inherently
inferior to the teacher model. However, we identify that the
fundamental issue affecting student performance is the bias
transferred by the teacher. Current KD frameworks transmit
both right and wrong knowledge, introducing bias that mis-
leads the student model. To address this issue, we propose
a novel strategy to rectify bias and greatly improve the stu-
dent model’s performance. Our strategy involves three steps:
First, we differentiate knowledge and design a bias elimina-
tion method to filter out biases, retaining only the right knowl-
edge for the student model to learn. Next, we propose a bias
rectification method to rectify the teacher model’s wrong pre-
dictions, fundamentally addressing bias interference. The stu-
dent model learns from both the right knowledge and the rec-
tified biases, greatly improving its prediction accuracy. Ad-
ditionally, we introduce a dynamic learning approach with
a loss function that updates weights dynamically, allowing
the student model to quickly learn right knowledge-based
easy tasks initially and tackle hard tasks corresponding to bi-
ases later, greatly enhancing the student model’s learning ef-
ficiency. To the best of our knowledge, this is the first strategy
enabling the student model to surpass the teacher model. Ex-
periments demonstrate that our strategy, as a plug-and-play
module, is versatile across various mainstream KD frame-
works.

Code — https://github.com/smartyige/BTKD

Introduction
Knowledge Distillation (KD) was proposed by (Hinton,
Vinyals, and Dean 2015). This method uses a pre-trained
model as a teacher, from which useful knowledge is ex-
tracted and transferred to train a smaller student model. This
process enables the student model to achieve performance
close to that of the teacher model. Consequently, KD ef-
fectively compresses models while maintaining their per-
formance, making it widely applicable in scenarios that re-
quire both efficiency and accuracy, such as on mobile and
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Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Diagram of the knowledge transfer process in KD.
(a) The KD framework based on a teacher-student network
model. (b) Right knowledge transfer helps the student model
learn effectively. (c) Bias knowledge transfer can mislead
the student model with biased knowledge.

embedded devices, real-time image processing, and video
analysis. Despite efforts to improve student model perfor-
mance through various KD methods (Park et al. 2019; Tian,
Krishnan, and Isola 2019; Chen et al. 2021; Sarridis et al.
2022; Patel, Mopuri, and Qiu 2023), including those based
on logit layers (Müller, Kornblith, and Hinton 2019; Zhao
et al. 2022) and intermediate feature layers (Park and No
2022; Sarridis et al. 2022; Liang, Huang, and Liu 2024; Tang
et al. 2023; Zhang et al. 2024), these approaches have con-
sistently failed to surpass the teacher model. The fundamen-
tal reason is that these methods overlook the fact that the
knowledge transmitted by the teacher is not entirely accu-
rate. Bias from the teacher can misguide the student, thereby
limiting the student model’s performance. Moreover, as data
types become more diverse and tasks become more complex,
the impact of bias knowledge will further intensify.

We acknowledge the bias present in the KD framework.
As shown in Fig. 1, the student model learns from the true
labels and the teacher model’s predictions through cross-
entropy (CE) loss and Kullback-Leibler divergence (KL)
loss, respectively. The student’s learning is enhanced when
the teacher’s predictions (PT

right) align with the true labels.
Conversely, when the teacher’s predictions (PT

wrong) do not
match the true labels, they mislead the student, causing its
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learning to deviate and resulting in wrong predictions. Based
on these two observations, we categorize the knowledge
transferred by the teacher into right knowledge and wrong
knowledge, with the latter further defined as bias.

To mitigate the impact of teacher bias on student learn-
ing performance, we propose a novel bias rectification strat-
egy. First, based on the categorization of right knowledge
and bias, we design a bias elimination method that separates
bias from the transferred knowledge, retaining only the right
knowledge. This directly eliminates the impact of bias on the
student model, thereby greatly enhancing its performance
under the guidance of the right knowledge. Second, the stu-
dent model cannot learn knowledge from the data result-
ing in teachers’ bias, if we directly remove those data when
training student model, we further design a bias rectification
method that utilizes weighted adjustment to convert bias into
the right knowledge. This fundamentally addresses the im-
pact of bias, allowing the student model to learn from both
the right knowledge and the rectified bias, thereby greatly
improving prediction accuracy. Third, we observe that the
learning times for the student model for easy tasks based on
right knowledge and for hard tasks corresponding to biases
is much different. Therefore, we propose a dynamic learn-
ing approach with an improved loss function to optimize the
model. Initially, the student focuses on learning easy tasks,
and as learning capability increases, more harder tasks are
gradually introduced in the later stages of training. This ap-
proach significantly reduces the KD time and greatly en-
hances the student model’s prediction efficiency. Finally, we
validate the effectiveness of our bias rectification strategy
for KD frameworks on complex tasks like image classifi-
cation and object detection. Extensive experiments demon-
strate that our method outperforms state-of-the-art (SOTA)
KD methods on benchmark datasets and can be used as a
plug-and-play module to enhance existing KD frameworks.
Moreover, it is the first time that the student model can sur-
pass the teacher model in KD framework through the pro-
posed strategy.

The main contributions of our paper are as follows:

• Through in-depth theoretical analysis, we have demon-
strated the presence of bias in KD and its detrimental im-
pact on student model performance.

• We propose a novel bias rectification strategy through
which the student model surpasses the teacher model for
the first time. In this strategy, we not only eliminate errors
to strengthen the transmission of correct knowledge but
also rigorously rectify biases to mitigate the misleading
effects of incorrect knowledge.

• We propose a dynamic learning approach that allows the
student model to quickly master easy tasks based on right
knowledge in the early stages of training, while address-
ing hard tasks related to biases in the later stages. This
approach significantly improves learning efficiency.

• We validated the effectiveness of our strategy by show-
casing the student model’s superior performance on two
types of tasks across three benchmark datasets. Addition-
ally, as a plug-and-play model, the strategy is versatile
and can enhance existing KD frameworks.

Related Work
KD methods (Gou et al. 2021; Wang and Yoon 2021; Chen
et al. 2022) can be categorized into two categories: logits-
based and features-based. The logits-based method primar-
ily involves having the student learn from the teacher’s soft
labels. Initially proposed by Hinton et al.(Hinton, Vinyals,
and Dean 2015), this method is known for its simplicity and
ease of implementation, achieving significant results in the
early stages of neural network training. Subsequent work by
(Kim and Kim 2017) introduced the use of class-distance
loss to enhance knowledge transfer to the student model.
Zhao et al. (Zhao et al. 2022) improved the effectiveness
of logits-based KD by decoupling probabilities in the logits.
More recently, CTKD method (Li et al. 2023) has further en-
hanced student model performance by dynamically adjust-
ing the temperature hyperparameter in KD. However, exist-
ing methods generally assume that all transferred knowledge
is right, overlooking the bias introduced when the proba-
bility distribution predicted by the teacher model does not
match the true labels. These biases are directly transferred to
the student model through the logit layer via KL loss, which
misleads the student learning the biased knowledge. This re-
sults in a performance ceiling that the student model cannot
surpass.

More researchers (Paulin and Suneson 2012; Huang and
Wang 2017; Zhang et al. 2021) have realized that the in-
termediate layer features of the teacher network contain
valuable information. Therefore, features-based KD (Pas-
salis and Tefas 2018; Zhu et al. 2021; Park et al. 2021)
has been widely explored to improve student performance
by transferring knowledge from the teacher model’s inter-
mediate features. FitNet (Romero et al. 2014) is one of the
first KD methods based on intermediate layers. It uses a
small regression to align the intermediate layer features of
the teacher and student model. Subsequent works (Park et al.
2019; Tian, Krishnan, and Isola 2019; Chen et al. 2021; Sar-
ridis et al. 2022) have delved into in-depth research on effec-
tively transmitting the teacher’s intermediate layer features
to the student. Current methods (Xu, Liu, and Loy 2023; Cho
et al. 2023; Zhu et al. 2024; Xie et al. 2024) primarily focus
on effectively extracting and transferring knowledge from
the intermediate feature layers of the teacher model without
considering the rightness of the transferred knowledge. In-
termediate features often contain rich semantic information,
but biased knowledge is hidden among numerous neurons,
making it difficult to detect. This biased knowledge sub-
tly affects the accuracy of semantic information extraction,
leading to deviations in final predictions. Therefore, trans-
ferring such biased knowledge to the student model can also
mislead its final predictions.

While the previous method (Zhou et al. 2020) have at-
tempted to ensure the rightness of feature transfer by sim-
ply removing the intermediate features of wrongly predicted
samples, this approach of directly associating wrong pre-
dictions with intermediate features is unreasonable. Inter-
mediate features of right samples may also contain biased
knowledge, Conversely, wrong samples may contain a lot of
right feature information, and removing all of them affects
the completeness of feature extraction. Although adversarial
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defense methods (Li et al. 2024) can effectively mitigate the
impact of biased intermediate features, these methods still
cannot effectively eliminate the bias in the teacher model.

Methodology
Definitions
We first define and introduce several key concepts and terms
that will be used throughout this section. Right and biased
knowledge: right knowledge comes from cases where the
teacher’s predicted probability distribution aligns with the
true labels. Biased knowledge, or wrong knowledge, arises
when the teacher’s predicted probability distribution does
not match the true labels. Easy and Hard Tasks: For the
student, tasks where the teacher can make right predictions
are considered easy tasks, and the knowledge transferred by
the teacher is right knowledge. Conversely, tasks where the
teacher makes wrong predictions are considered hard tasks,
and the knowledge transferred is biased knowledge.

Rethinking Knowledge Transmission
In the KD framework, the loss is typically composed of KL
loss and CE loss, with the former used to constrain the stu-
dent’s learning of the knowledge transferred by the teacher
and the latter to constrain the student’s learning of the label.
We use T and S to represent the predicted probability values
of the teacher and the student, respectively, and Y to repre-
sent the label. ti ∈ T , si ∈ S and yi ∈ Y i ∈ n. Generally,
we use

Loss = LKL (T, S) + LCE (Y, S)

=
n∑

i=1

tiln
ti
si

+

(
−

n∑
i=1

yilnsi

)
(1)

as the loss function. When minimizing the loss function
through gradient backpropagation, minimizing KL will
make the si approach ti, and minimizing CE will make the
si approach yi. Let a and b represent two categories, where
ta and tb are the predicted probabilities of the teacher, sa
and sb are the predicted probabilities of the student, and ya
and yb are the corresponding class labels. Assuming ya = 1
and yb = 0, when minimizing the loss function, we have

min (Loss) ⇒
{
sa → 1 , sa → ta ;

sb → 0 , sb → tb .
(2)

If the teacher’s predictions match the labels (i.e., ta →
1, tb → 0), then it is beneficial for the student to learn from
teacher, where sa → ta, sb → tb, and consequently sa → 1
and sb → 0. However, when the teacher’s predictions do not
match the labels (i.e., ta → 0, tb → 1), teaching the student
to learn from teacher, where sa → ta, sb → tb, actually
results in sa → 1 and sb → 0, which is misleading for the
student.

In fact, since the teacher model’s own prediction accu-
racy is not guaranteed to be perfect, the bias inevitably mis-
leads the student. Therefore, we demonstrate that knowledge
can be divided into right knowledge and bias, with the bias
having a negative impact on the performance of the student
model.

Eliminating Biased Knowledge from Teacher
To further eliminate biased knowledge in KD and ensure the
rightness of knowledge transferred from the teacher mod-
elk, we design a eliminate module, as depicted in the blue
region in Fig. 2. Firstly, we convert the predicted values out-
put by the teacher model into corresponding predicted prob-
abilities, recorded as PT . We use the argmax operation to
convert the teacher’s predicted probabilities PT into a 0-1
vector pre. This vector is then compared to the true labels
using a logical AND operation, marking them as True if
they match and False if they do not. We store these True and
False values in the mask table in the order corresponding to
the teacher’s prediction index to record the rightness of the
teacher’s information. We classify the PT into right knowl-
edge (recorded as True in the mask table) and biased knowl-
edge (recorded as False in the mask table). Thus far, we
have distinguished right and biased knowledge in the teacher
model and stored their indexes in the mask table. This en-
ables students to later learn the knowledge transferred from
the teacher under these indexes and perform gradient up-
dates only using the corresponding knowledge in each batch
of training.

We obtain the right knowledge by multiplying PT and PS

with the mask. By inverting the mask to get ∼mask, we can
then multiply PT and PS with ∼mask to obtain the biased
knowledge.

Rectifying Biased Knowledge from Teacher
Eliminating bias can improve the overall predictive perfor-
mance of the student model to some extent. However, since
eliminating bias essentially removes the wrong predictions,
it does not enhance the student model’s ability to learn these
hard tasks. As the data becomes more diverse and com-
plex, the amount of bias will correspondingly increase, lead-
ing to a performance bottleneck in enhancing the student
model through bias elimination. Therefore, we further pro-
pose a bias rectification method (as shown in Module ③ of
Fig. 2) aimed at rectifying the teacher model’s wrong predic-
tions, thereby equipping the student model with the ability
to learn hard tasks and further improving its predictive per-
formance. Suppose ta represents the predicted probability of
the teacher corresponding to the label ya as 1, tb represents
the largest predicted probability by the teacher, yb represents
the label value corresponding to tb, to = {toi} represent the
others probability prediction values, yo = {yoi} represents
the others label values. ya, yb and yo sum to 1, as shown
in Fig. 3 (a). When we take the bias prior knowledge of the
teacher, there is the following relationship:

ta + tb + to = 1,


ya = 1, ta → 0 ;

yb = 0, tb → 1 ;

yo = {0}, to → {0} .
(3)

In (3), ta and tb are opposite to the corresponding labels
ya and yb, as we discussed, such biased knowledge from
the teacher is harmful. We have considered the following re-
quirements for rectifying this bias. First, we aim to adjust the
values of ta and tb to be consistent with ya and yb . Second,
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argmax transfer

transfer

right knowledge

① ② ③ ④

Figure 2: The overall framework of our framework. Module ① is a KD framework based on the teacher-student model. Module
② is the bias elimination method. Module ③ is the bias rectification method. Module ④ is the dynamic learning approach.

we ensure that the sum of all adjusted ti values is 1 (satis-
fying the principle of probability distribution). Finally, since
the to represents other classes unrelated to the two classes
that need rectification, we cannot affect to when adjusting
ta and tb. Based on these considerations, we propose the
following strategy.

First, we weight ta and tb with the corresponding labels
ya and yb. Then, we take the average to obtain the new prob-
abilities t

′
, as shown in the following equations:

t
′

a = ta+ya

2 = ta+1
2 > 0.5,

t
′

b =
tb+yb

2 = tb
2 < 0.5,

t
′

o = to

(4)

The rectified probabilities obtained are shown in Fig. 3(b),
where the largest probability value corresponds to a label
value of 1, indicating that the predicted value correctly cor-
responds to the label value. This transformation from biased
knowledge to right knowledge is illustrated.

Because

t
′

a + t
′

b =
ta + tb + ya + yb

2
=

ta + tb + 1

2
,

ta + tb < 1, (5)

so
ta + tb + 1

2
> ta + tb ⇒ t

′

a + t
′

b + t
′

o > 1 (6)

Considering that the sum of the probabilities for the new
t
′

a, t
′

b and t
′

o is not equal to 1, disrupting the principle of
probability distribution. Therefore, we need to readjust the
value of t

′

a and t
′

b to make t
′

a+t
′

b+t
′

o = 1 without changing
t
′

o. Let tnew represent the adjusted value, then there is the
following formula:

tnewa = t
′

a×
ta + tb
t′a + t

′
b

, tnewb = t
′

b×
ta + tb
t′a + t

′
b

(7)

At this point, we have obtained the final rectification proba-
bility values (shown in Fig. 3(c)), ensuring that the probabil-
ities sum to one without altering the value of to, while also
ensuring that the new predicted results align with the label.

Dynamic Learning Approach
Since the student’s learning efficiency differs between easy
and hard tasks, we consider focusing on easy tasks in the
early stages of training. As the student’s capability improves,
we increase the emphasis on tackling hard tasks in the later
stages of training (as shown in Module ④ of Fig. 2). Both
right knowledge and rectified knowledge play important
roles in the student learning process and contribute to the
student’s eventual surpassing of the teacher. Consequently,
we have defined two constraint functions to respectively
constrain the student’s learning of these two types of knowl-
edge.

Leasy = LKL

(
PSr∥PTr

)
,

Lhard = LKL

(
PSre∥PTre

)
(8)

Leasy represents the loss function for transmitting easy
task knowledge, where PTr denotes the probability distribu-
tion of the right knowledge in the teacher and PSr represents
the probability distribution of the corresponding student. We
use the KL divergence to constrain the approximation be-
tween the two distributions. Lhard represents the loss func-
tion for transmitting hard task knowledge, where PTre rep-
resents the probability distribution of knowledge after rec-
tification in the teacher and PSre represents the probability
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Figure 3: Diagram of the rectification method. Each column corresponds to a category, Label corresponds to the one-hot vector
of ground truth, PT

wrong corresponds to the probability value predicted by the teacher on each category, PT
re corresponds to the

probability value after rectification. (a) shows the teacher’s wrong prediction, (b) shows the predicted probability is consistent
with Label after rectification, (c) represents further adjustment of the rectification predicted probabilities.

distribution of the corresponding student. Similarly, we use
the KL divergence to constrain the approximation between
the two distributions.

The overall loss function is defined as follows:

Lall = (1− γ) (LCE + Leasy) + γLhard (9)

In order to shorten the training cycles, we employed a
method for dynamically adjusting the student’s learning fo-
cus. We have the following dynamic adjustment coefficient
as γ = e

E . e represents the current training iteration, and E
denotes the total training iterations.

By adjusting γ throughout the entire training process, the
student is initially encouraged to prioritize learning easy
tasks as the training iterations progress. This approach al-
lows the student to quickly attain a foundational level of pro-
ficiency in basic knowledge. Subsequently, with the deepen-
ing of training, the focus gradually shifts towards the learn-
ing of more challenging knowledge. Effective fine-tuning
on the established foundational proficiency leads to better
performance enhancements. Ultimately, this strategy aims
to achieve the goal of reducing the training time cost and
improving the convergence effectiveness.

Experiment
We conducted experiments on three classification datasets,
CIFAR-10(Krizhevsky, Hinton et al. 2009), CIFAR-
100(Krizhevsky, Hinton et al. 2009), and ImageNet
1K(Russakovsky et al. 2015), as well as on an object de-
tection dataset MS-COCO(Lin et al. 2014).

Comparison with SOTA KD methods
Classification on CIFAR dataset. In Table 1, we present
the results of KD in two datasets. Our method demonstrates
superior performance over the teacher on both the CIFAR-
10 and CIFAR-100 datasets. Due to the increased difficulty
of the 100-class classification task compared to the 10-class
task, the teacher model makes more wrong predictions, re-
sulting in more bias being transmitted. As a result, our
method demonstrates superior performance.

For cross-model KD, we employed MobileNet (Sandler
et al. 2018) and ShuffleNet (Zhang et al. 2018) as student
models, both exhibiting significant structural and parame-
ter differences compared to the teacher models (ResNet-50
(He et al. 2016), VGG (Simonyan and Zisserman 2014) and
WRN (Zagoruyko and Komodakis 2016b)). This is suffi-
cient to validate the capability of cross-model knowledge
distillation. In this scenario, our method still achieves the
best performance, enabling the student model to surpass the
teacher model. Particularly in the challenging CIFAR-100
task, our method shows the most significant improvement
compared to the SOTA methods.

Classification on ImageNet 1K dataset. As shown in Ta-
ble 2, we validated the capability of our method for KD
where the teacher and student have similar models. Using
ResNet-34 (81.39MB) as the teacher model and ResNet-18
(42.83MB) as the student model, our method demonstrates
the ability to surpass the teacher model on challenging clas-
sification tasks. Moreover, compared to the best KD method,
our approach achieved an additional 1.75% improvement
in classification accuracy. In Table 3, we validated the ca-
pability of our method in a cross-model knowledge dis-
tillation. Employing ResNet-50 (90.46MB) as the teacher
model and MobileNet-V1 (9.01MB) as the student model,
our method continues to enable the student network to sur-
pass the teacher model in cross-model knowledge trans-
fer. Furthermore, compared to other methods, our method
achieves a substantial 3.68% improvement in classification
accuracy over the best-performing method. This improve-
ment is particularly significant in challenging classification
tasks.

Object detection on MS-COCO dataset. To validate the
effectiveness of our method not only in classification tasks
but also in object detection tasks, we applied our method
on the MS-COCO dataset. The ultimate performance of ob-
ject detection in this task is heavily dependent on the quality
of feature extraction, particularly when dealing with the de-
tection of numerous small objects, which significantly chal-
lenges the detector’s feature extraction capability (Li, Jin,
and Yan 2017; Wang et al. 2019). As shown in Table 4,
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C
IF

A
R

-1
0

da
ta

se
t

teacher ResNet-50 ResNet-101 WRN-40-2 VGG-13 ResNet-50 VGG-13 ResNet-50 WRN-40-2
96.08 96.83 93.52 93.28 96.08 93.28 96.08 93.52

student ResNet-18 ResNet-34 WRN-16-2 VGG-8 MobileNet-V2 MobileNet-V2 ShuffleNet-V1 ShuffleNet-V1
93.30 94.59 90.50 88.78 90.08 90.08 90.70 90.70

KD(Hinton, Vinyals, and Dean 2015) 93.81 94.87 92.73 89.30 93.79 91.73 91.21 91.09
FitNet(Romero et al. 2014) 93.87 94.80 92.01 89.70 93.70 91.79 91.30 90.97

RKD(Park et al. 2019) 94.37 95.01 92.79 89.93 94.01 92.07 92.47 91.21
CRD(Tian, Krishnan, and Isola 2019) 94.90 95.39 93.01 90.74 94.21 92.37 92.80 91.30

OFD(Heo et al. 2019) 94.87 95.20 92.97 90.51 94.22 92.20 92.59 91.24
ReviewKD(Chen et al. 2021) 95.07 95.57 93.17 91.99 95.08 92.90 93.97 92.68
Indistill(Sarridis et al. 2022) 94.99 95.19 93.20 91.63 94.38 92.43 93.50 92.06

DKD(Zhao et al. 2022) 95.02 95.49 93.21 91.75 94.79 92.81 93.89 92.60
CTKD(Li et al. 2023) 94.73 95.24 93.01 91.10 94.20 92.05 93.41 92.19

Ours 96.89 96.99 94.18 93.60 96.28 93.76 96.20 93.70
∆ +1.82 +1.42 +0.97 +1.61 +1.20 +0.86 +2.23 +1.02

C
IF

A
R

-1
00

da
ta

se
t

teacher ResNet-50 ResNet-101 WRN-40-2 VGG-13 ResNet-50 VGG-13 ResNet-50 WRN-40-2
79.34 81.87 73.57 74.64 79.34 74.64 79.34 73.57

student ResNet-18 ResNet-34 WRN-16-2 VGG-8 MobileNet-V2 MobileNet-V2 ShuffleNet-V1 ShuffleNet-V1
69.75 72.50 70.26 70.36 65.40 65.40 70.50 70.50

KD(Hinton, Vinyals, and Dean 2015) 71.56 73.17 70.92 72.98 69.35 67.37 71.97 70.83
FitNet(Romero et al. 2014) 70.21 73.08 70.98 71.02 65.56 64.14 71.03 70.73

RKD(Park et al. 2019) 71.67 73.87 71.32 71.48 66.73 64.52 72.84 71.21
CRD(Tian, Krishnan, and Isola 2019) 72.16 74.60 71.37 73.94 71.11 69.73 73.10 72.05

OFD(Heo et al. 2019) 71.98 73.91 71.10 73.95 71.04 69.48 72.78 71.85
ReviewKD(Chen et al. 2021) 73.19 75.80 71.59 74.84 72.89 70.37 76.10 73.14
Indistill(Sarridis et al. 2022) 73.17 75.17 71.09 74.65 72.36 70.01 75.48 72.10

DKD(Zhao et al. 2022) 73.97 75.67 71.54 74.68 72.35 69.71 75.88 73.10
CTKD(Li et al. 2023) 72.29 74.58 71.45 73.52 70.46 68.46 75.34 71.78

Ours 81.50 84.77 74.30 78.03 80.45 75.71 81.07 74.78
∆ +7.53 +8.97 +2.71 +3.19 +8.10 +5.34 +4.97 +1.64

Table 1: The results on the CIFAR-10 and CIFAR-100 dataset. ∆ represents the classification accuracy improvement over the
best result of the current SOTA methods in knowledge distillation.

top-1 acc(%) top-5 acc(%)
Teacher: ResNet-34 73.31 91.42
Student: ResNet-18 69.75 89.07

features

AT(Zagoruyko and Komodakis 2016a) 70.69 90.01
OFD(Heo et al. 2019) 70.81 89.98

CRD(Tian, Krishnan, and Isola 2019) 71.17 90.13
ReviewKD(Chen et al. 2021) 71.61 90.51
InDistill(Sarridis et al. 2022) 71.63 90.37

logits

KD(Hinton, Vinyals, and Dean 2015) 71.03 90.05
DKD(Zhao et al. 2022) 71.70 90.41
CTKD(Li et al. 2023) 71.32 90.27

Ours 73.38 91.71
∆ +1.75 +1.2

Table 2: acc refers to classification accuracy(%) on the Im-
ageNet 1K dataset, top-1 and top-5 are standards for calcu-
lating classification accuracy on the validation set. ∆ repre-
sents the classification accuracy improvement over the best
result of the current SOTA methods in knowledge distilla-
tion.

top-1 acc(%) top-5 acc(%)
Teacher: ResNet-50 76.16 92.86

Student: MobileNet-V1 68.87 88.76

features

AT(Zagoruyko and Komodakis 2016a) 69.56 89.33
OFD(Heo et al. 2019) 71.25 90.34

CRD(Tian, Krishnan, and Isola 2019) 71.37 90.41
ReviewKD(Chen et al. 2021) 72.56 91.00
InDistill(Sarridis et al. 2022) 72.52 91.53

logits

KD(Hinton, Vinyals, and Dean 2015) 70.50 89.80
DKD(Zhao et al. 2022) 72.50 91.50
CTKD(Li et al. 2023) 71.47 90.65

Ours 76.24 93.38
∆ +3.68 +1.85

Table 3: acc refers to classification accuracy(%) on the Im-
ageNet 1K dataset, top-1 and top-5 are standards for calcu-
lating classification accuracy on the validation set. ∆ repre-
sents the classification accuracy improvement over the best
result of the current SOTA methods in knowledge distilla-
tion.

AP AP50 AP70

Teacher: ResNet-101 42.04 62.48 45.88
Student: ResNet-18 33.26 53.61 35.26

KD(Hinton, Vinyals, and Dean 2015) 33.97 54.66 36.62
FitNet(Romero et al. 2014) 34.13 54.16 36.71

ReviewKD(Chen et al. 2021) 36.75 56.72 34.00
InDistill(Sarridis et al. 2022) 34.93 56.56 37.46

DKD(Zhao et al. 2022) 35.05 56.60 37.54
CTKD(Li et al. 2023) 34.56 55.43 36.91

Ours 42.10 62.59 45.91
Teacher: ResNet-50 40.22 61.02 43.81

Student: MobileNet-V2 29.47 48.87 30.90
KD(Hinton, Vinyals, and Dean 2015) 30.13 50.28 31.35

FitNet(Romero et al. 2014) 30.20 49.80 31.69
ReviewKD(Chen et al. 2021) 33.71 53.15 36.13
InDistill(Sarridis et al. 2022) 32.17 53.49 34.56

DKD(Zhao et al. 2022) 32.34 53.77 34.01
CTKD(Li et al. 2023) 31.39 52.34 33.10

Ours 41.02 62.13 44.08

Table 4: Results on MS-COCO based on Faster-RCNN (Ren
et al. 2015)-FPN(Lin et al. 2017): AP evaluated on val2017.

our method outperforms the teacher on three metrics: AP ,
AP50, and AP70. This accomplishment is often challenging
to achieve with conventional knowledge distillation meth-
ods.

Ablation Analysis
We have validated the effectiveness of two modules for the
elimination and rectification of biased knowledge, as shown
in Table 5. EBK represents KD after the elimination of bi-
ased knowledge, while RBK represents KD after the rec-
tification of biased knowledge. Validation was performed
on the CIFAR-100 dataset, with the teacher model selected
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Student EBK RBK acc(%) ∆
ResNet-50 as the teacher(79.34)

ResNet-18

71.56 -√
79.70 +8.26√
73.86 +2.30√ √
81.50 +9.94

MobileNet-V2

69.35 -√
79.85 +10.50√
71.27 +1.92√ √
80.45 +11.10

Table 5: The acc denotes the classification accuracy on the
CIFAR-100 validation dataset, and the ∆ represents the im-
provement in classification accuracy compared to the base-
line KD method. The

√
symbol indicates the usage of the

corresponding module, while the absence of
√

indicates the
absence of both modules, implying the use of the basic KD
method.

as ResNet-50 (79.34%). We chose ResNet-18 (69.75%) and
MobileNet-V2 (65.40%) with the same model structures and
different as the student models, respectively. It can be ob-
served that when using either of the two modules alone, the
performance surpasses that of regular knowledge distilla-
tion. The best results are achieved when both modules are
applied together in knowledge distillation. This effect is ev-
ident across both identical and different model structures.

As shown in Fig. 4, our method is compared with several
representative methods. It can be seen that within the same
training period, our method (pink line) achieves the highest
final accuracy. Our method requires fewer training epochs
to reach the same accuracy level of the student model com-
pared to others, excelling in both final accuracy and training
speed. By using the approach, we achieved dynamic adjust-
ments throughout the overall training process. This approach
helps accelerate the learning process of the student network
during knowledge distillation. Compared to methods that do
not adopt this approach, it reduces the training time cost by
25%.

Wide Applicability. Our method serves as a knowledge
distillation strategy to enhance the effectiveness of exist-
ing knowledge distillation methods. As shown in Table 6,
our method consistently improves both feature-based and
logit-based knowledge distillation methods. The combina-
tion with the DKD(Zhao et al. 2022) method has achieved
the best results, which is attributed to the ability of elim-
inating the influence of biased knowledge by our method,
strengthening the transmission of right knowledge, and ad-
dressing the confusion caused by biased knowledge for stu-
dents learning with the DKD method. Therefore, the com-
bination of these two methods has yielded the most out-
standing learning outcomes. In feature-based methods, the
student network may be influenced by certain misleading
information present in the teacher network’s intermediate
layer knowledge, which is challenging to effectively elim-
inate. Consequently, the performance improvement of such
methods is not as significant as that of logit-based methods.
However, feature-based methods still offer notable perfor-

Figure 4: The accuracy variation curves during the train-
ing process for several KD methods. The x-axis is train-
ing epochs, and the y-axis is the accuracy of the ResNet-34
model on the CIFAR-100 validation set.

acc(%) ∆
teacher(ResNet-50) 79.34 -
student(ResNet-18) 69.75 -

fe
at

ur
es

FitNet(Romero et al. 2014) 70.21 -
FitNet+Ours 72.96 +2.75

RKD(Park et al. 2019) 71.67 -
RKD+Ours 74.07 +2.40

CRD(Tian, Krishnan, and Isola 2019) 72.16 -
CRD+Ours 74.21 +2.05

InDistill(Sarridis et al. 2022) 73.17 -
InDistill+Ours 74.83 +1.66

lo
gi

ts

KD(Hinton, Vinyals, and Dean 2015) 71.56 -
KD+Ours 78.81 +7.25

DKD(Zhao et al. 2022) 73.97 -
DKD+Ours 80.17 +6.20

CTKD(Li et al. 2023) 72.29 -
CTKD+Ours 79.00 +6.71

Table 6: The table compares the performance of our method
applied to other knowledge distillation mathod. Accuracy
represents the classification accuracy on the CIFAR-100
dataset, ∆ indicates the difference from the original method
results, and the + indicates improvement.

mance gains.

Conclusion
We introduce a novel KD framework that tackles the chal-
lenge of biased knowledge transferring from teacher to stu-
dent. This novel framework can completely eliminate the in-
fluence of biased knowledge of the teacher and substantially
enhance the student by correcting knowledge through an
elaborately rectifying strategy. We conduct extensive experi-
ments on four widely used datasets and eight sets of teacher-
student models, achieving SOTA results. Experimental re-
sults validate that our framework effectively boosts the per-
formance of student, even surpassing the teacher in most
scenarios. Furthermore, our framework is compatible with
various existing KD methods and enhances their effective-
ness.
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