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Abstract

Knowledge distillation transfers “dark knowledge” from a
large teacher model to a smaller student model, yielding a
highly efficient network. To improve the network’s general-
ization ability, existing works use a larger temperature coeffi-
cient for knowledge distillation. Nevertheless, these methods
may reduce the confidence of the target category and lead to
ambiguous recognition of similar samples. To mitigate this
issue, some studies introduce intra-batch distillation to re-
duce prediction discrepancy. However, these methods over-
look the inconsistency between background information and
the target category, which may increase prediction bias due
to noise disturbance. Additionally, label imbalance from ran-
dom sampling and batch size can undermine network gener-
alization reliability. To tackle these challenges, we propose a
simple yet effective Intra-class Knowledge Distillation (IKD)
method that facilitates knowledge sharing within the same
class to ensure consistent predictions. First, we initialize the
matrix and the vector to store logits and class counts provided
by the teacher, respectively. Then, in the first epoch, we calcu-
late the sum of logits and sample counts per class and perform
KD to prevent knowledge omission. Finally, in subsequent
training, we update the matrix to obtain the average logits
and compute the KL divergence between the student’s out-
put and the updated matrix according to the label index. This
process ensures intra-class consistency and improves the stu-
dent’s performance. Furthermore, this method theoretically
reduces prediction bias by ensuring intra-class consistency.
Extensive experiments on the CIFAR-100, ImageNet-1K, and
Tiny-ImageNet datasets validate the superiority of IKD.

Code — https://github.com/yema-web/IKD

Introduction
Deep convolutional neural networks (CNNs) have recently
achieved significant success in various computer vision
tasks, including image classification (He et al. 2016; Yang
et al. 2022a), object detection (Zheng et al. 2023; Zhao
et al. 2024), and semantic segmentation (Zou et al. 2024;
Liang et al. 2023). While there have been advancements,
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Figure 1: Illustration and comparison of (a) traditional intra-
batch distillation methods, including DIST, MLKD, and
LCAT, and (b) our method, IKD.

large-scale CNNs, such as ConvNeXt (Woo et al. 2023),
still consume considerable memory and computational over-
head, leading to increased training costs and prolonged in-
ference time. In response to these challenges, researchers
have explored model compression methods to balance be-
tween network accuracy and inference time. Such methods
include efficient network design (Zhang et al. 2018a), net-
work pruning (Qin et al. 2024), low-rank factorization (Ha-
effele and Vidal 2019), quantization (Duan et al. 2023), and
knowledge distillation (KD) (Hinton et al. 2014). Among
them, KD can effectively deploy lightweight networks on
resource-limited devices.

Hinton et al. have formulated KD as an efficient model
compression method that transfers the “dark knowledge”
from a cumbersome teacher model (teacher) to a com-
pact student model (student). Generally, KD employs the
Kullback-Leibler (KL) divergence (Kullback and Leibler
1951) with a temperature coefficient to minimize the dis-
crepancy between the probability distributions of the teacher
and student. KD can effectively boost the student’s gener-
alization ability on unseen data. Furthermore, some studies
have delved deeper into the working mechanism of KD, par-
ticularly from the perspective of soft labels (Tang et al. 2020;
Helong et al. 2021). Despite these insights, the performance
gains from conventional KD methods, such as deep mutual
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Figure 2: The logit-based KD methods predicts target cate-
gories on the ImageNet-1K dataset, ranking the predictions
by confidence from strong to weak.

Batch Size 32 64 128 256 Max Gap
DIST 76.47 76.04 75.27 74.33 2.14

MLKD 74.77 74.63 74.56 74.05 0.72
IKD (Ours) 76.75 76.56 76.13 76.04 0.71

Table 1: Illustration of the impact of batch size on
the CIFAR-100 test accuracy, with ResNet32×4 and
ResNet8×4 being the teacher and student, respectively.

learning (Zhang et al. 2018b), teacher assistants (Mirzadeh
et al. 2020; Son et al. 2021), BAN (Furlanello et al. 2018),
and early stopping (Cho and Hariharan 2019), may still not
meet practical application requirements.

To achieve greater performance gain, recent studies have
shifted their focus to extracting knowledge from the logit ef-
fectively, which provides essential semantic information for
accurate prediction. Compared to feature-based KD meth-
ods (Xiaolong et al. 2023; Zong et al. 2023; Romero et al.
2015; Miles and Mikolajczyk 2024; Shen et al. 2024), logit-
based KD methods can reduce computational costs and en-
hance practical feasibility. These advantages have facili-
tated detailed research investigations into this method (Yang
et al. 2024; Wei, Luo, and Luo 2024). For example, Zhao et
al. (Zhao et al. 2022) propose decoupling the classical KD
(DKD), effectively leveraging logit knowledge to enhance
the student’s performance. Yang et al. (Yang et al. 2023)
present the NKD method, which normalizes non-target log-
its to strengthen the utilization of soft labels. LSKD (Sun
et al. 2024) adaptively allocates temperatures between the
teacher and student and across samples for logit distillation.
Although logit-based KD methods acquire universal knowl-
edge to improve generalization ability, the introduced noise
(e.g., low-confidence categories) may reduce the discrimina-
tion between classes, leading to biased predictions.

To mitigate noise-induced classification issues, some re-
searchers have focused on enforcing consistent predic-
tions. For example, CSKD (Yun et al. 2020) utilizes self-
distillation (Zhang et al. 2019) to compare prediction distri-
butions between two samples of the same class, and thereby
reduce inconsistencies. DIST (Huang et al. 2022) randomly
samples instances within batches to reveal their varying se-
mantic similarities. Despite these efforts, intra-batch distilla-
tion, depicted in Fig. 1 (a), still faces several challenges. As
shown in Figs. 2 (d) and (e), occlusions, such as fences and

incomplete head features of the target class, can obscure es-
sential features, leading to predictions that deviate from the
target. Furthermore, as illustrated in Table 1, batch size vari-
ations, which impact random sampling, may further impair
the performance of intra-batch distillation. However, these
methods may increase prediction bias, which can not address
the inconsistency. In fact, achieving consistency within the
same class is crucial for reducing prediction bias. Therefore,
this inconsistency underscores the urgent need for innova-
tive solutions.

In response to these critical challenges, we revisit knowl-
edge distillation from the perspectives of intra-class distil-
lation through theoretical analysis, and propose a simple
yet effective Intra-class Knowledge Distillation method, as
shown in Fig. 1 (b), named IKD, that facilitates knowledge
sharing within the same class to ensure consistent predic-
tions. Specifically, we use a matrix to store the average logits
and a vector to count samples from the teacher for each class.
In the first epoch, we calculate the cumulative sum of logits
and sample counts per class, and conduct vanilla KD to pre-
vent knowledge omission. In subsequent training, we update
the matrix to obtain the average logits and compute the KL
divergence between the student’s output and the updated ma-
trix according to the label index. The proposed method can
be integrated with the logit-based KD methods to further im-
prove performance by enhancing prediction consistency. As
a result, the student can better recognize ambiguous samples
by minimizing the noise and discerning distinctions and sim-
ilarities within the same category. Our main contributions
are summarized as follows:
• We propose an Intra-class Knowledge Distillation (IKD)

method as a regularization technique to ensure prediction
consistency while reducing noise interference.

• We have demonstrated that our method effectively re-
duces prediction bias through theoretical analysis. More-
over, theoretical derivations suggest that IKD effectively
reduces the complexity of generalization.

• Extensive experiments on CIFAR-100, ImageNet-1K,
and Tiny-ImageNet consistently demonstrate that our
method surpasses existing plug-and-play strategies when
integrated with the state-of-the-art logit-based KD
method, thereby validating its effectiveness.

Related Work
In this section, we will review and discuss existing works
that relate to feature- and logit-based knowledge distillation.

Feature-based Knowledge Distillation. Several studies
have shown that intermediate layer features contain abun-
dant information, which may facilitate the learning of down-
stream tasks (Yang et al. 2022a,b; Zhao et al. 2024). Con-
sequently, these features are typically used as targets for
knowledge distillation. For instance, FitNets (Romero et al.
2015) uses intermediate features from the teacher as hints to
guide the student’s training. AT (Komodakis and Zagoruyko
2017) employs activation maps derived from intermediate
features to enhance the knowledge transfer to the student.
CRD (Tian, Krishnan, and Isola 2020) introduces contrastive
learning to improve knowledge transfer from the teacher to
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the student. ReviewKD (Chen et al. 2021) guides shallow
learning by repeatedly reviewing old knowledge. FCFD (Liu
et al. 2023) promotes feature similarity between teacher and
student, enabling more faithful imitation and effective learn-
ing by the student. CAT-KD (Guo et al. 2023) guides the
student by transferring the teacher’s class activation maps.
However, although feature-based knowledge distillation is
information-rich, it demands substantial computational re-
sources and memory capacity. As a result, recent research
has shifted towards exploring the logit knowledge as a more
efficient target for distillation.

Logit-based Knowledge Distillation. Recent studies
have focused on dynamic temperature and decoupling the
logit knowledge to improve the effectiveness of this distilla-
tion method.

1) Dynamic temperature: Traditional KD uses a fixed
temperature, limiting the potential for logit knowledge trans-
fer. To remove this limitation, dynamic temperature has been
introduced to improve this transfer (Sun et al. 2024; Jin,
Wang, and Lin 2023). For example, CTKD (Li et al. 2023)
employs a dynamically learnable temperature to adjust the
task difficulty. MLKD (Jin, Wang, and Lin 2023) employs
multi-level prediction alignment with multiple temperature
coefficients to enhance knowledge transfer. WTTM (Zheng
and Yang 2024) uses transformed teacher matching to em-
phasize temperature scaling in knowledge refinement.

2) Decoupling the logit knowledge: To explore more ef-
fective logit knowledge, recent studies have focused on de-
coupling the logit knowledge (Zhao et al. 2022; Yang et al.
2023): For instance, ATS (Li et al. 2022) decomposes the KL
divergence into correction guidance, label smoothing, and
class distinguishability to improve distillation. ReKD (Xu
et al. 2024) divides the logit knowledge into head and tail
categories for targeted transfer. SDD (Wei, Luo, and Luo
2024) breaks down global logit outputs into local outputs,
creating distillation pipelines that enhance detailed knowl-
edge acquisition. These methods can improve the student’s
performance by facilitating knowledge transfer.

However, these methods cannot effectively address the
intra-batch noise. Although DIST (Huang et al. 2022),
MLKD (Jin, Wang, and Lin 2023), and LCKA (Zhou et al.
2024) incorporate intra-batch distillation, their performance
stability is affected by sample randomness and batch size. In
this paper, we propose an Intra-class Knowledge Distillation
(IKD) that enhances the student’s generalization within the
same class by emphasizing sample consistency. Our method
is a plug-and-play strategy that can be easily integrated with
logit-based KD methods and complements the shortcomings
of traditional distillation methods.

Methodology
Notation
Given a mini-batch of training samples B = {(xi, yi)}bi=1 ⊆
Dtrain, where Dtrain denotes the training sample set and
b denotes the batch size. For a training sample xi with la-
bel yi, the feature extractor F(·;ω) and the classifier G(·; θ)
are parameterized by ω and θ, respectively. When a training
sample xi is fed into the network, the feature extractor F

produces the penultimate embedding features f = F(xi;ω).
These features are then processed by the classifier G to yield
the output zi = G(f ; θ). In addition, we denote the probabil-
ity distribution of the k-th class and the logit for the teacher
as pti(k) and zti , respectively, and for the student as psi (k) and
zsi , respectively. The probability distributions for the teacher
and the student corresponding to the k-th category of the i-th
training sample are expressed as follows:

pti(k) =
exp(ztk/τ)∑C
j=1 exp(z

t
j/τ)

, psi (k) =
exp(zsk/τ)∑C
j=1 exp(z

s
j/τ)

, (1)

where C denotes the number of categories, and τ denotes
the temperature coefficient during distillation.

Conventional Knowledge Distillation
Kullback-Leibler (KL) divergence is typically used as the
loss metric in KD. The training aims to make the probabil-
ity distribution predicted by the student approach that of the
teacher, i.e., minimizing the discrepancy between them. The
KD loss is defined as follows:

LKD =
1

N

N∑
j=1

C∑
k=1

ptj(k) log(
ptj(k)

psj(k)
), (2)

where we omit the temperature coefficient τ for simplicity.
The cross-entropy loss for image classification in the stu-

dent can be defined as follows:

LCE = − 1

N

N∑
j=1

C∑
k=1

ysj (k) log p
s
i (k)), (3)

where ysj (k) denotes the one-hot label for the k-th category
of the j-th training sample for the student.

The total loss L in knowledge distillation consists of both
the KD loss LKD and the cross-entropy loss LCE . The com-
bined loss L can be formulated as follows:

L = LCE + αLKD, (4)

where α is a hyperparameter for balancing the two losses.

Motivation
Logit-based KD methods boost student performance by min-
imizing inter-class variance (Safaryan, Peste, and Alistarh
2024) between the teacher and student. However, these
methods may increase boundary uncertainty due to noise in-
terference, such as occlusion and irrelevant categories. Fur-
thermore, samples from the same category may exhibit sig-
nificant differences in pose, lighting, angle, and scale. Fail-
ing to consider intra-class variations may lead to perfor-
mance degradation adequately. To tackle these challenges,
we propose an Intra-class Knowledge Distillation (IKD)
method, which can effectively reduce noise introduction and
mitigate performance degradation.

Intra-class Knowledge Distillation
Fig. 3 presents an overview of the comprehensive frame-
work, and we propose an IKD that facilitates knowledge
sharing within the same class to ensure consistent predic-
tions. IKD preparation is detailed in three steps:
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Figure 3: Overview of the proposed IKD framework, including its implementation steps and workflow.

Step 1: We initialize the matrix Zt ∈ RC×C and the
vector V ∈ NC as a zero matrix and a zero vector, re-
spectively. They are used to store the average logits of the
teacher and count samples according to the label index.
They are defined as Zt = (zti,j)1≤i,j≤C ∈ RC×C and
V = [v1, · · · , vC ] ∈ N1×C , respectively, where vc de-
notes the count of the samples that belong to category c, with
1 ≤ c ≤ C. zti,j denotes the average logit of samples from
class i for class j.

We use ztc,: to represent the c-th row of Zt corresponding
to the average logit of samples from class c.

Step 2: We calculate the cumulative sum of logits and the
sample count for each class of the teacher in the first epoch.
Since the teacher’s parameters are fixed, this calculation is
only carried out in the first epoch. Each sample’s logits, gen-
erated by the teacher, are added to the matrix Zt according
to the label index. Meanwhile, the sample count is accumu-
lated according to the label index in the vector V. This pro-
cess repeats until all samples have been iterated through in
the first epoch. The update of the elements in Zt and V can
be defined as follows:

ztc,: ← ztc,: + zc, vc ← vc + 1, (5)

where the term zc represents the logit corresponding to label
index c for a given sample, with zc ∈ R1×C .

Step 3: We update the matrix Zt to calculate the average
logits for each class as Zt ← Zt ◦ V−1, where ◦ denotes
Hadamard product. The term V−1 represents the element-
wise inverse of the vector V. To align dimensions, V−1 is
broadcast to match the dimensions of each row in the matrix
Zt.

Conducting Knowledge Distillation. During the first
epoch, we focus on data statistics (i.e., Step 1 through Step

3) and conduct normal distillation similar to KD (refer to
Eq. (4) for details) to reduce knowledge omission.

From the second epoch onward, the IKD is conducted,
with the teacher’s parameters being fixed. This process uti-
lizes the average logits Zt obtained from Setp 3 in the first
epoch, and Zt keeps unchanged from one epoch to the next,
continuing until the final epoch. Meanwhile, for each batch
in every epoch iteration, we compute the KL divergence be-
tween the student’s output and Zt according to the label in-
dex. The LIKD for intra-class distillation is as follows:

LIKD =
1

N

N∑
j=1

C∑
k=1

pt(k) log(
pt(k)

psj(k)
), (6)

where the probability that the j-th sample belongs to cat-
egory k = c is denoted as pt(k) = softmax(ztk,:/T ) and
psj(k) = softmax(zsj/T ). T denotes the intra-class tem-
perature.

Algorithm 1 presents the pseudo-code of the IKD. Please
refer to Supplementary Materials for a detailed algorithm
description.

Comparison with Intra-batch Knowledge Distillation.
• 1) In intra-batch distillation, batch samples randomly se-

lected may come from different classes, leading to a shift
in the student’s focus to inter-class similarities, and it is
also influenced by the batch size.

• 2) In the IKD method, the teacher’s output (i.e., Zt) is-
set in the first epoch and fixed thereafter, while in batch
distillation, the teacher’s output (i.e., ztj) dynamically ad-
justs with each batch. The IKD provides a stable learning
target, which can simplify the training process and reduce
the risk of overfitting.

• 3) The IKD method distills knowledge within the same
category, which can effectively capture subtle intra-class
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differences and variations. IKD is ideal for tasks with sig-
nificant intra-class diversity.

Optimization Objective
The proposed IKD can be integrated seamlessly with logit-
based KD methods, such as KD, DKD, NKD, and WTTM,
and it has the effect of optimizing student performance and
enhancing prediction consistency. Specifically, taking KD as
an example, the overall loss expression is as follows:

Ltotal = LCE + LKD + λavgLIKD, (7)

where λavg is the weight coefficient for balancing Ltotal.

Theoretical Analysis
Theoretical Analysis of Distillation Bias. We present the
bias-variance decomposition of LKD based on the defini-
tions and notations from (Tom 1998; Helong et al. 2021).

Proposition 1. Based on the theory from (Tom 1998), the
bias term can be decomposed and expressed as follows:

bias = DKL (y, yce) +
C∑

c=1

Ex|xc

[
y log

(
ȳc,ce
ȳtc,kd

)]

+
C∑

c=1

Ex|xc

[
y log

(
ȳtc,kd
ȳc,kd

)]
.

(8)

Proof. The detailed proof is provided in Supplementary Ma-
terials.

The decoupling of the bias term in Proposition 1 shows
that considering the third term related to the IKD on
the right side of Eq. (8) can increase the consistency
within the same class. Notably, ytc,kd, representing the
teacher’s predictions, approximates the one-hot distribu-
tion of category c more closely. The IKD method brings
yc,kd from the student closer to the ytc,kd, reducing the

term
∑C

c=1 Ex|xc

[
y log

(
ȳt
c,kd

ȳc,kd

)]
, decreasing the bias term.

Thus, the total distillation error is reduced.

Theoretical Analysis of Model Complexity. The IKD
aims to reduce the student’s output variance for each class,
thereby minimizing prediction inconsistency. This reduction
in variance correlates with lower model complexity, enhanc-
ing generalization performance. The details are as follows:

Proposition 2. Suppose the variance for class c is reduced
by a factor of kc, and we can obtain h′ (xi) =

1√
kc
h (xi).

Proof. The detailed proof is provided in Supplementary Ma-
terials.

As a result of the reduced variance, we establish a re-
lationship (Sain 1996; Bartlett, Bousquet, and Mendelson
2005) between the output h′ (xi) in Proposition 2 and the
Rademacher complexity Rn (H) (Bartlett and Mendelson
2002).

Proposition 3. When the variance for class c is reduced
by a factor of kc, Rademacher complexity decreases by
∆Rn, yielding ∆Rn = (1− 1√

kc
)Rn(H).

Proof. Details on ∆Rn are in the Supplementary Materials.
From the theoretical derivation above, it is evident that by

reducing variance, the IKD method decreases Rademacher
complexity, thereby enhancing generalization performance.

Experiments
In this section, we evaluate our proposed Intra-class Knowl-
edge Distillation (IKD) method and show its effectiveness
across various classification datasets. In addition, we con-
duct ablation studies, and visualizations to further validate
our method. All experiments are conducted repeatedly three
times, and we report the averaged results.

Experimental Setup
In our experiments, we evaluate our method using three clas-
sic datasets and provide the implementation details.

CIFAR-100 (Krizhevsky, Hinton et al. 2009) comprises
100 classes, with each image having a resolution of 32×32
pixels. The CIFAR-100 dataset contains 50k training images
and 10k validation images.

ImageNet-1K (ILSVRC2012) (Deng et al. 2009) is a
large-scale dataset comprising 1k classes. The dataset com-
prises 1.2 million training images and 50k validation images.

Tiny-ImageNet (Le and Yang 2015) is a subset of the
ImageNet-1K dataset, consisting of 200 classes, and the im-
age is 64×64 pixels. The training set contains 100k images,
and the validation set contains 10k images.

Implementations details are provided in Supplementary
Materials due to page constraints.

Main Results and Analysis
Image Classification Results on CIFAR-100. We have
conducted extensive experiments across two different archi-
tectures to evaluate our method. Specifically, as illustrated
in Table 2, we employ an experimental setup in which the
teacher and student either share the same architecture or uti-
lize different architectures for a fair comparison.

Our primary focus is on logit-based knowledge distilla-
tion as a plug-and-play strategy. In both the same and dif-
ferent architecture setups, we integrate IKD with four base-
line methods (KD, DKD, NKD, WTTM) for comparison
and compare it with the state-of-the-art (SOTA) plug-and-
play methods, including DOT, CTKD, SDD, and LSKD.
The experimental results, as presented in Table 2, demon-
strate that IKD consistently outperforms these plug-and-play
methods, achieving an average performance improvement
ranging from 0.63% to 1.44%, regardless of whether the ar-
chitectures are the same or different. These results highlight
the effectiveness of IKD on the CIFAR-100 dataset.

Image Classification Results on Imagenet-1K. We eval-
uate our method on the ImageNet-1K dataset using Top-1
and Top-5 accuracy as the primary metrics. As shown in
Table 3 and Table 4, our method significantly outperforms
most SOTA plug-and-play methods across different base-
lines, strongly supporting its efficacy and potential. How-
ever, it is noteworthy that NKD+IKD may result in loss of
critical information or inappropriate knowledge transfer, as
evidenced by the Top-5 performance in Table 3. We think
that NKD emphasizes non-target classes, which may divert
attention from target classes. At the same time, IKD focuses
on enhancing the performance of target classes, potentially
diminishing the learning of non-target classes.
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Method Homogeneous Architecture Heterogeneous Architecture
Teacher ResNet56 ResNet110 ResNet110 ResNet32×4 WRN-40-2 WRN-40-2 VGG13 VGG13 ResNet50 ResNet50

Distillation Accuracy 72.34 74.31 74.31 79.42 75.61 75.61 74.64 74.64 79.34 79.34
Manner Student ResNet20 ResNet20 ResNet32 ResNet8×4 WRN-16-2 WRN-40-1 VGG8 MobileNetV2 MobileNetV2 VGG8

Accuracy 69.06 69.06 71.14 72.50 73.26 71.98 70.36 64.60 64.60 70.36
AT 70.55 70.22 72.31 73.44 74.08 72.77 71.43 59.40 58.58 71.84

PKD 70.34 70.25 72.61 73.64 74.54 73.45 72.88 67.13 66.52 73.01
VID 70.38 70.16 72.61 73.09 74.11 73.30 71.23 65.56 67.57 70.30

FitNet 69.21 68.99 71.06 73.50 73.58 72.24 71.02 64.14 63.16 70.69
RKD 69.61 69.25 71.82 71.90 73.35 72.22 71.48 64.52 64.43 71.50

Features CRD 71.16 71.46 73.48 75.51 75.48 74.14 73.94 69.73 69.11 74.30
OFD 70.98 70.61 73.23 74.95 75.24 74.33 73.95 69.48 69.04 -
CC 69.63 69.48 71.48 72.97 73.56 72.21 70.71 64.86 65.43 70.25

ReviewKD 71.89 71.85 73.89 75.63 76.12 75.09 74.84 70.37 69.89 72.60
FT 69.84 70.22 72.37 72.86 73.25 71.59 70.58 61.78 60.99 70.29

CAT-KD 71.62 71.14 73.62 76.91 75.60 74.82 74.65 69.13 71.36 75.39
FCFD 71.68 - - 76.80 76.34 75.43 74.86 70.67 71.07 -

KD 70.66 70.67 73.08 73.33 74.92 73.54 72.98 67.37 67.35 73.81
KD+CTKD 71.08 71.01 73.41 73.71 75.46 74.02 73.15 68.84 68.24 73.63
KD+DOT 71.11 70.97 73.37 74.98 75.43 73.87 73.88 63.00 64.18 73.95

KD+LSKD 71.24 71.61 73.76 76.16 76.22 74.43 74.23 69.43 69.50 74.42
KD+SDD 71.52 71.58 73.97 75.09 75.86 74.53 73.91 68.43 69.76 74.69
KD+IKD 72.00 72.18 74.44 76.56 76.01 74.84 74.80 69.87 70.49 75.12

∆ +1.34 +1.51 +1.36 +3.23 +1.09 +1.30 +1.82 +2.50 +3.14 +1.31
DKD 71.77 70.91 73.93 76.08 75.64 74.87 74.44 69.71 70.35 75.34

DKD+CTKD 71.81 71.37 73.74 76.32 75.60 74.53 74.61 69.84 70.32 75.29
DKD+DOT 71.12 71.58 73.57 76.03 75.42 74.49 74.59 62.48 57.89 74.72

DKD+LSKD 71.63 71.71 73.72 76.56 76.02 74.79 74.68 70.23 70.40 75.41
DKD+SDD 71.49 71.41 74.03 76.41 75.36 74.52 74.27 69.87 71.46 75.55
DKD+IKD 72.37 72.18 74.29 77.03 76.16 75.06 75.12 69.87 70.82 75.66

∆ +0.60 +1.27 +0.36 +0.95 +0.52 +0.19 +0.68 +0.16 +0.47 +0.32
Logits NKD 71.47 71.23 73.21 76.39 75.07 74.20 74.61 69.78 69.39 74.01

NKD+CTKD 71.63 71.37 73.76 75.65 75.82 74.38 73.42 69.19 69.67 74.27
NKD+DOT 71.49 71.36 71.29 70.65 75.22 74.02 70.96 N/A N/A 67.31

NKD+LSKD 70.85 70.96 73.09 75.86 75.90 73.97 73.55 68.85 69.27 74.33
NKD+SDD 72.05 72.18 74.04 76.55 75.77 74.03 73.86 69.25 70.23 73.27
NKD+IKD 72.01 72.18 74.16 77.10 76.03 75.01 75.05 69.90 71.03 75.71

∆ +0.54 +0.95 +0.95 +0.71 +0.96 +0.81 +0.44 +0.12 +1.64 +1.70
WTTM 71.77 71.53 73.82 76.12 76.29 73.99 74.42 68.45 69.18 74.82

WTTM+CTKD - - - - - - - - - -
WTTM+DOT 71.33 71.01 68.34 72.69 72.02 75.22 15.50 N/A N/A N/A

WTTM+LSKD 69.29 69.91 74.19 76.75 75.80 73.94 73.70 67.01 66.80 74.28
WTTM+SDD 71.57 71.42 73.78 76.40 75.72 74.66 74.38 69.36 69.63 75.09
WTTM+IKD 72.02 71.87 73.95 76.16 76.44 74.24 74.48 68.52 69.69 75.01

∆ +0.25 +0.34 +0.13 +0.04 +0.15 +0.21 +0.06 +0.07 +0.51 +0.19
Ψ +0.68 +1.02 +0.70 +1.23 +0.68 +0.63 +0.75 +0.73 +1.44 +0.88

Table 2: Test accuracy (%) of students on CIFAR-100 validation set. ∆ and Ψ indicate performance and average performance
improvement of the IKD, respectively. Here, Ψ = (∆(KD+IKD) + ∆(DKD+IKD) + ∆(NKD+IKD) + ∆(WTTM+IKD)) / 4.0.

ResNet34 (teacher): 73.31% Top-1, 91.42% Top-5 accuracy. ResNet18 (student): 69.75% Top-1, 89.07% Top-5 accuracy.

Features AT OFD CRD ReviewKD SP CC MGD* RKD SRRL CAT-KD

Top-1 70.69 70.81 71.17 71.61 70.62 69.96 71.69 70.40 71.73 71.26

Top-5 90.01 89.98 90.13 90.51 89.80 89.17 90.42 89.78 90.60 90.45

Logits
KD DKD NKD

Vanilla+CTKD+DOT+LSKD+SDD+IKD ∆ Vanilla+CTKD+DOT+LSKD+SDD+IKD ∆ Vanilla+CTKD+DOT+LSKD+SDD+IKD ∆ Ψ

Top-1 70.66 71.32 71.72 71.42 71.44 71.82 +1.16 71.72 71.51 72.03 71.88 72.02 72.04 +0.32 71.97 - 71.47 71.57 72.33 72.20 +0.23+0.57

Top-5 89.88 90.27 90.30 90.29 90.05 90.57 +0.69 90.41 90.47 90.50 90.58 91.21 90.59 +0.18 91.10 - 90.00 90.11 91.31 90.66 -0.44 +0.14

Table 3: Top-1 and Top-5 accuracy (%) results on the ImageNet-1K validation set using homogeneous architecture.

Fine-grained Image Classification Results on Tiny-
ImageNet. To further validate the effectiveness of our
method, we conduct tests on the more fine-grained Tiny-
ImageNet dataset, characterized by high intra-class similar-
ity and compact features. As shown in Table 5 (see Supple-

mentary Materials), our method has been proven to be ef-
fective on this dataset. The effectiveness of IKD stems from
its enhancement of the student’s ability to capture and dis-
criminate subtle distinctions within classes. This approach
improves the student’s detail sensitivity, significantly boost-
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ResNet50 (teacher): 76.16% Top-1, 92.87% Top-5 accuracy. MobileNetV1 (student): 68.87% Top-1, 88.76% Top-5 accuracy.

Features AT OFD CRD ReviewKD RKD AB MGD* MGD SRRL CAT-KD

Top-1 70.18 71.25 71.32 72.56 68.50 68.89 72.49 71.47 72.49 72.24

Top-5 89.68 90.34 90.41 91.00 88.32 88.71 90.94 90.35 90.92 91.13

Logits
KD DKD NKD

Vanilla+CTKD+DOT+LSKD+SDD+IKD ∆ Vanilla+CTKD+DOT+LSKD+SDD+IKD ∆ Vanilla+CTKD+DOT+LSKD+SDD+IKD ∆ Ψ

Top-1 70.49 - 73.09 72.18 72.24 73.27 +2.78 72.05 - 73.33 72.85 73.08 73.02 +0.97 72.58 - 72.35 72.31 73.12 73.32 +0.74+1.50

Top-5 89.92 - 91.11 90.80 90.71 91.34 +1.42 91.05 - 91.22 91.23 91.09 91.46 +0.41 90.80 - 90.48 90.46 91.11 91.41 +0.61+0.81

Table 4: Top-1 and Top-5 accuracy (%) results on the ImageNet-1K validation set using heterogeneous architecture.

ing recognition performance.

Ablation Studies
In the following experiments, we evaluate the effectiveness
of IKD through ablation experiments focusing on intra-class
temperature, and weight coefficient.

Hyperparameters Sensitivity Analysis. We conduct ex-
tensive ablation studies on the intra-class temperature T and
the weight of IKD λavg .

1) Effect of T : We conduct ablation experiments on the
intra-class temperature T . It is observed that lower tem-
perature results in higher classification accuracy. This is
probably because if the temperature is set high, noise may
be introduced, and the student’s generalization performance
could also be negatively impacted. The experimental results
indicate that appropriately lowering the temperature can re-
duce noise interference and improve classification accuracy.
Therefore, as shown in Fig. 4 (a), choosing a temperature
parameter of 1.0 is appropriate for suppressing noise.

2) Effect of λavg: To optimize the balance of loss weights,
Fig. 4 (b) demonstrates that for DKD+IKD, the optimal
performance is achieved with a λavg of 6.5, whereas for
NKD+IKD, a λavg of 6.0 yields the best results. As shown
in Fig. 4 (b), λavg significantly impacts model performance.
High settings of λavg overemphasize intra-class details,
while low settings underutilize potential intra-class informa-
tion, both leading to notable performance fluctuations. For
other parameter details, refer to Supplementary Materials.

(a) Effect of T (b) Effect of λavg

Figure 4: Ablation study evaluates the impact of varying the
parameters T and λavg on the performance of DKD+IKD
and NKD+IKD. We employ ResNet32×4 as teacher and
ResNet8×4 as student on the CIFAR-100 dataset.

Visualizations
We visualize our experimental results using t-SNE (Van der
Maaten and Hinton 2008) and correlation matrices. As

shown in Figs. 5(a)-(b), the t-SNE results show that by in-
corporating KD into the proposed IKD, the extracted fea-
tures become more separable, demonstrating the effective-
ness of our strategy. Furthermore, as illustrated in Figs. 5(c)-
(d), integrating IKD with KD yields lower correlation matrix
means than KD alone. These results suggest that the student
has assimilated more detailed information, and hence its per-
formance is improved.

(a) KD (b) KD+IKD (c) KD (d) KD+IKD

Figure 5: Visualization of the penultimate-layer features
trained using KD and KD+IKD, respectively, on the CIFAR-
100 dataset using t-SNE and correlation matrices, with
ResNet32×4 as the teacher and ResNet8×4 as the student.

Limitation and Discussion
Our research only considers logit layer distillation, which
may not capture the full potential of knowledge. Our train-
ing has focused only on the classification task, without val-
idating the generalization ability of IKD on other tasks. In
future work, We plan to thoroughly test our method across
various tasks (e.g., Person Re-ID) to assess its effectiveness
in the future. These efforts will deepen the understanding of
IKD techniques’ versatility.

Conclusion
In this paper, we introduce Intra-class Knowledge Distil-
lation (IKD), a regularization method designed to address
the shortcomings of existing distillation techniques, particu-
larly in handling prediction bias. The proposed method not
only reduces discrepancies in predictions but also increases
the robustness of students. Moreover, IKD theoretically en-
hances intra-class consistency, which in turn minimizes bi-
ases in predictive performance. Our experiments on CIFAR-
100, ImageNet-1K, and Tiny-ImageNet demonstrate the ef-
fectiveness of the IKD in improving generalization and stu-
dent performance.
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