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Abstract—Knowledge distillation, particularly in multi-teacher
settings, presents significant challenges in effectively transferring
knowledge from multiple complex models to a more compact
student model. Traditional approaches often fall short in cap-
turing the full spectrum of useful information. In this paper,
we propose a novel method that integrates local and global
frequency attention mechanisms to enhance the multi-teacher
knowledge distillation process. By simultaneously addressing both
fine-grained local details and broad global patterns, our approach
improves the student model’s ability to assimilate and generalize
from the diverse knowledge provided by multiple teachers.
Experimental evaluations on standard benchmarks demonstrate
that our method consistently outperforms existing multi-teacher
distillation techniques, achieving superior accuracy and robust-
ness. Our results suggest that incorporating frequency-based
attention mechanisms can significantly advance the effectiveness
of knowledge distillation in multi-teacher scenarios, offering new
insights and techniques for model compression and transfer
learning.

Index Terms—knowledge distillation, frequency attention
mechanisms, model compression, deep learning

I. INTRODUCTION

In the last decade, deep neural networks (DNNs) [1] have
achieved significant advancements in various vision-related
tasks, including image classification [2]-[4], object detec-
tion [5], [6], and semantic segmentation [7], [8]. Nevertheless,
these high-performance models typically require extensive
computational resources and storage capacity, making them
challenging to deploy on resource-constrained edge devices.
A promising strategy to address this challenge is knowledge
distillation (KD) [9], which utilizes the “dark knowledge”
from a powerful but complex teacher network to train a more
efficient student network. The goal of KD is to enable the
student network to replicate the teacher’s predictions while
using significantly fewer parameters.

Nonetheless, traditional KD methods typically depend on
a single pre-trained teacher network. Recently, inspired by
human cognitive learning processes, researchers have explored
the potential benefits of students learning from multiple teach-
ers. This exploration has given rise to multi-teacher distillation
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(MKD), which seeks to harness the diverse and valuable in-
sights provided by several teacher networks to enhance the stu-
dent network’s performance. Various MKD approaches have
shown that students can indeed gain advantages from multiple
teachers [10]-[15]. However, many of these MKD methods
often fall short in assigning appropriate importance to each
teacher, as they frequently use identical or fixed weights for
all teachers [10]-[12]. This can result in suboptimal integration
of knowledge from multiple teachers, preventing the student
from fully capitalizing on the combined knowledge. Some
recent approaches [13]-[15] have introduced various strategies
to address the issue of ineffective knowledge integration.
However, these methods have certain limitations that hinder
their ability to fully capitalize on the potential of knowledge
integration. As a result, the performance improvements they
offer are often constrained and do not reach their full potential.

Our objective is to ensure that the student model not
only captures high-level abstract information but also retains
detailed features, such as object parts, from the teacher model.
One effective approach to achieve this is by analyzing the
student’s features in the frequency domain rather than the
traditional spatial domain. The frequency domain offers a
distinct advantage in interpreting images, particularly those
containing repetitive or periodic patterns that may be challeng-
ing to detect using conventional spatial domain methods. By
transforming features into the frequency domain, the student
model can more effectively recognize and preserve intricate
details, leading to a more comprehensive understanding of
both the finer and broader aspects of the visual data.

In this paper, we propose an adaptive Multi-Teacher Knowl-
edge Distillation with Local and Global Frequency Attention
method called LGMKD, which introduces a novel approach
that enhances the knowledge distillation process by leveraging
both local and global frequency attention mechanisms. This
method aims to improve the student’s ability to capture and in-
tegrate detailed and abstract information from multiple teacher
networks. By analyzing features in the frequency domain, this
technique effectively identifies and preserves critical patterns
and structures that might be missed by traditional spatial
domain methods. The integration of local and global frequency
attention enables the student model to achieve a more com-



prehensive understanding of the knowledge transferred from
the teachers, leading to superior performance and more ef-
fective utilization of the diverse insights provided by multiple
sources. We demonstrate the effectiveness of our method on
the CIFAR-100 and ImageNet benchmark datasets. Our main
contributions are summarized as follows:

o Novel Dual-Attention Framework: Introduces a novel
dual-attention framework that combines both local and
global frequency domain analyses. This approach en-
hances the student’s ability to capture detailed and high-
level features by leveraging the complementary strengths
of both types of attention, leading to more effective
knowledge transfer from multiple teacher models.

e Dynamic Knowledge Integration: Proposes an innova-
tive method for dynamically integrating knowledge from
multiple teachers through frequency domain attention.
This technique overcomes the limitations of fixed-weight
methods by adaptively adjusting the influence of each
teacher, resulting in improved performance and more
robust student models.

o Extensive experiments on image classification datasets
CIFAR-100 and ImageNet validate the effectiveness and
flexibility of our method.

II. RELATED WORK

Knowledge Distillation. Knowledge distillation has gained
significant attention as a promising technique for model
compression, utilizing the supervisory signals from complex
teacher networks to train lightweight student models. Tradi-
tional approaches, such as vanilla KD [9], focused solely on
transferring the teacher network’s soft labels to the student
network. FitNet [16] advanced this by introducing the idea
of having the student network replicate the intermediary layer
features of the teacher. Building on this, AT proposed aligning
the attention maps of teacher and student features, which led
to enhanced student performance. CRD [17] further improved
distillation effectiveness by employing contrastive learning
strategies. SimKD [18] innovated by using the discriminative
classifier from the pre-trained teacher model for student infer-
ence, aligning features through a single £, loss. DKD [19]
introduced a decoupling of the original KD loss function
into target class and non-target class components. Despite
these advancements, previous distillation methods have relied
on a single pre-trained network. In contrast, our approach
introduces a novel method by extracting knowledge from
multiple teacher networks, aiming to leverage the diverse
insights provided by multiple teachers.

Multi-Knowledge Distillation. Multi-teacher knowledge
distillation (MKD) leverages the principle that collective intel-
ligence can surpass the knowledge of any single individual. By
harnessing the diverse insights provided by multiple teacher
networks, MKD aims to enhance the performance of the
student network. Several MKD approaches have been devel-
oped to achieve this goal. For instance, some methods [10]-
[12] assign equal weight to each teacher, treating them as
equally valuable. While this approach is straightforward, it

overlooks the varying significance of different teachers. To
address this limitation, RLKD [20] employs reinforcement
learning to filter out less suitable teachers and then aver-
ages the logits from the remaining, more relevant teachers.
Although this method improves the selection process, it still
may not fully account for the unique contributions of each
teacher. To better integrate the diverse knowledge of multiple
teachers, advanced methods have been introduced. EBKD [21]
assigns weights based on the entropy of the predicted logits,
emphasizing teachers that provide more informative outputs.
AMTML-KD [13] calculates teacher importance weights using
latent factors, thereby adapting the influence of each teacher
according to their contribution to the student model’s learning.
Additionally, AEKD [14] examines teacher diversity through
the gradient space, enhancing the integration of varied teacher
insights. CA-MKD [15] further refines this by evaluating the
importance of teachers based on their prediction confidence,
determined by the cross-entropy between the teacher’s log-
its and the ground-truth labels. These advanced techniques
represent significant progress in addressing the limitations of
earlier methods by more effectively recognizing and utilizing
the unique contributions of each teacher network.

III. METHOD

In this section, we first explain how to extract local and
global frequencies of the teacher network. Secondly, we in-
tegrate and design a new multi-teacher knowledge distillation
framework based on our newly proposed module.

Notations. We denote the labeled training dataset as D =
x;,ysi = 1%, where NN represents the total number of samples,
and K is the number of teachers. Let F' denote the feature
output from the second network block, represented as a tensor
with dimensions h X w X c. The logit outputs are denoted as
z = [z1,...,2¢], where C indicates the number of categories.
The model’s final prediction is obtained through a softmax
function o (2¢) = E‘?"I’(#, where 7 is the temperature

. Jexp(zd/T) . .
parameter. An illustration of our proposed module is provided
in Figure ??, and the proposed multi-teacher knowledge dis-
tillation framework is shown in Figure 2
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Fig. 1. Local and Global Frequency Attention Module. HPF stands for a
high pass filter. LPF stands for a low pass filter. The outputs of the global
and local branches are added and the resulting feature map is compared with
the teacher’s feature map. a1 and a2 are the learnable weighting parameters
of the global and local frequency, respectively.

A. Local and Global Frequency Attention Module

As illustrated in Figure 2, the proposed module comprises
both global and local branches. For a feature map X with



dimensions C;,, x H x W, the global branch begins by con-
verting this feature map into the frequency domain using Fast
Fourier Transform (FFT). The FFT is applied independently
to each channel. For the i-th channel X; of the feature map
X, its 2-D discrete FFT is denoted as Y; and is expressed as
follows:

m
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To adjust the frequencies of Y;, we apply a learnable global
filter K. we design the global filter K with dimensions C\,; X
Cin x H x W, where C,,; corresponds to the number of
channels in the teacher’s feature map. Each kernel in the global
filter K has the same spatial dimensions as the 3D input tensor
X, which is C;,, x H x W. This kernel performs element-
wise multiplication with the input tensor X, resulting in a
3D feature map that retains the same dimensions as the input.
Subsequently, these 3D frequency feature maps are aggregated
through sum-pooling within each C;,, x 1 x 1 block, producing
a 2D output with dimensions H x W. This process is repeated
for all Cy,,; kernels in the global filter, yielding a final 3D
feature map with dimensions Cyy X H x W.

After that, we suppress low frequencies to encourage stu-
dents to shift their attention away from non-salient areas. To do
this, we add a high-pass filter (HPF) after the learnable global
filter to remove some of the lowest-frequency components.
The HPF is applied to each channel separately. Specifically,
for each channel, we use an ideal HPF to suppress 1% of the
lowest frequency. In addition, we also use a low-pass filter
(LPF) to filter out some high-frequency information, because
we found that some high-frequency information interferes with
the model’s judgment ability. And, we use two parameters o
and as to balance the importance of the two.

Next, we convert the frequency domain representation back
to the spatial domain using the inverse Fast Fourier Transform
(IFFT). For a given frequency feature map X that results from
the high pass filtering (HPF) and low pass filtering (LPF), the
2-D IFFT of the i-th channel X; of X is denoted as X; and
is expressed as follows:

H-1W~—
Z Z)_( u,v) 2 (4 + ) ()

The proposed module consists of HPF and LPF. We take the
frequency knowledge of the high-pass filter output Fj,.q; as
the local knowledge output and the output of the low-pass filter
Fi00a1 as the global knowledge. The output of the frequency
attention module F},; is calculated as follows:

Fout = a1 % Fglobal + ag * Fiocal 3)

where o and oo are the learnable weighting parameters of
the global and local frequency, respectively.
B. Proposed Multi-teacher Knowledge Distillation Framework

Let I represent the indices of the selected layers from
the teacher network for intermediate feature-based distillation.

The loss for layer-to-layer knowledge distillation is defined as

follows:
> Dpr, (f(Fs,)) (4)
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where Fj, denotes the feature map obtained from the j-th
layer of the student network, which is selected to receive
knowledge from the feature map Fr, of the i-th layer of the
teacher network. The function f represents a transformation
applied to the student’s feature map. In our approach, f is
implemented as the proposed module. The term D refers to
a distance function used to measure the discrepancy between
the transformed feature maps of the student and the teacher.
For our experiments, we utilize the Lo distance as the chosen
distance function. It is important to note that in our framework,
the teacher network remains unchanged throughout the pro-
cess, meaning that no transformations are applied to the feature
maps of the teacher network. For simplicity, we only draw one
teacher network in the figure, but no matter how many teacher
networks there are, similar operations are performed.

C. The Training of Student Network

During the training phase of the student network, we
augment the learning process by incorporating not only the
ground-truth labels but also the class attention maps generated
by multiple teachers as supplementary knowledge to collec-
tively guide the student.

In addition to the aforementioned loss, a regular cross
entropy with the ground-truth labels is calculated,

c
Log=—Y ylog(o(5)). ©)
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The overall loss function of the proposed LGMKD is given
as:
‘Coverall = LC’E + Bﬁlgmkdv (6)

Here, 3 is hyperparameters that balance the effects of each
loss.

IV. EXPERIMENTS
A. Datasets and Implementation Details

Datasets. Our experiments are carried out on two prominent
datasets: CIFAR-100 [22] and ImageNet [23]. CIFAR-100 is
a widely used image classification dataset with 32 x 32 pixel
images categorized into 100 different classes. It comprises
50,000 images for training and 10,000 images for validation.
On the other hand, ImageNet is a large-scale dataset designed
for image classification across 1,000 categories, featuring 1.2
million training images and 50,000 validation images.

Implementation Details. We utilize a stochastic gradient
descent (SGD) optimizer with Nesterov momentum set at 0.9
for all teacher-student model pairs. The training procedure
spans a total of 240 epochs, with the learning rate reduced
by a factor of 10 at the 150th, 180th, and 210th epochs.
For MobileNet [24] and ShuffleNet [4], [25] architectures, the
initial learning rate is 0.01, while for other architectures [2],
[26], [27], it is set to 0.05. The mini-batch size is maintained
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Fig. 2. An overview of our LGMKD. Unlike traditional feature-based multi-teacher knowledge distillation, we do not transfer feature knowledge to the student
network but local and global frequency attention knowledge. For simplicity, we only draw one teacher network in the figure.

at 64, and weight decay is configured to 5 x 10~%. In the
knowledge distillation (KD) loss function, the temperature
parameter 7 is set to 4, and « is set to 10.

To ensure fairness in comparison, the results for the bench-
mark methods are derived using the authors’ released codes
and are evaluated under our experimental conditions. The
reported results for the CIFAR-100 and ImageNet datasets are
averaged over three independent trials.

B. Distillation Performance

In this section, we employ four teacher networks with
identical architectures but varied initialization parameters and
distillation strategies to guide the student network. We as-
sess the performance improvements of our proposed method
relative to baseline approaches using top-1 accuracy as our
primary evaluation metric.

The results, as shown in Tables 1, 2 and 3, indicate that our
proposed approach surpasses both widely used single-teacher
and multi-teacher KD methods across all teacher-student
configurations. Notably, even the most basic multi-teacher
KD method, AVER, demonstrates superior performance com-
pared to many single-teacher KD approaches, highlighting
the benefits of drawing knowledge from multiple teachers.
Nevertheless, it is evident that multi-teacher KD methods do
not always outperform single-teacher KD methods. Despite
the potential for enhanced knowledge diversity with multiple

teachers, achieving effective distillation performance requires
careful consideration of how well the knowledge from the
teacher ensemble aligns with the student network.

Results on teachers with same architectures. Table 1
provides a comparative analysis of top-1 accuracy on CIFAR-
100, including results from teacher ensembles employing a
majority voting strategy. The data clearly show that LGMKD
surpasses all other methods across different architectures.
Remarkably, our approach achieves an average accuracy im-
provement of 0.55% over the second-best method, CA-MKD,
and realizes an impressive absolute accuracy gain of 1.05%
in the optimal case. In addition, as shown in Table 3, our
proposed method also performs well on ImageNet datasets and
obtains relative improvement compared with CA-MKD [15].
This demonstrates the effectiveness of our method.

Results on teacher-student pairs have different architec-
ture. The experiment conducted above involved teacher net-
works in each teacher-student pair with identical architecture.
In order to assess the flexibility of our approach, we em-
ployed disparate teacher networks across the teacher-student
pairs. Specifically, we opted for ResNet8x4, ResNet20x4, and
ResNet32x4 as the teacher combination network, while VGG8
served as the student network. The comparative results of top-
1 accuracy are presented in Table IV, which further highlights
the superiority of our method in relation to other compared
methods.



TOP-1 TEST ACCURACY (%) OF VARIOUS MULTI-TEACHER KNOWLEDGE DISTILLATION APPROACHES ON CIFAR-100.

TABLE I

Teacher ‘WRN40-2 ResNet56 VGGI13 ResNet32x4 ResNet32x4
76.6240.17 73.1940.30 74.8940.18 79.454+0.19 79.4540.19
Student ShuffleNetV2  MobileNetV2  MobileNetV2  ShuffleNetV1 VGG-8
73.0740.06 65.4610.10 65.461+0.10 71.5840.30 70.7040.26
AVER-KD [9] 76.984+0.19 70.6840.11 68.894+0.10 75.0240.25 73.5140.22
AVER-FitNet [16] 77.294+0.14 70.6340.23 68.8710.06 74.754+0.27 73.0040.16
AEKD [14] 77.024+0.17 70.364+0.19 69.071+0.22 75.11+0.19 73.2140.04
EBKD [21] 76.754+0.13 69.8940.14 68.094+0.26 74.954+0.14 73.0140.01
CA-MKD [15] 77.641+0.19 71.194+0.28 69.294+0.09 76.3740.51 75.0240.12
LGMKD 77.76+0.15 71.0640.23 70.01+0.10 77.421+0.12 75.3240.10
TABLE 11
TOP-1 TEST ACCURACY (%) OF VARIOUS SINGLE-TEACHER KNOWLEDGE DISTILLATION APPROACHES ON CIFAR-100.

Teacher ResNet32x4 WRN-40-2 WRN-40-2

79.314+0.14 76.6240.26 76.6240.26

Student MoblieNetV2  MoblieNetV2 WRN-40-1

65.6440.19 65.6440.19 71.3940.22

KD [9] 67.5740.10 69.3140.20 74.2240.09

FitNet [16] 67.8740.08 69.0140.18 74.284+0.17

AT [28] 67.384+0.21 69.1840.37 74.8340.15

VID [29] 67.7840.13 68.5740.11 74.374+0.22

CRD [17] 69.0440.16 70.1440.06 74.8240.06

SemCKD [30] 68.8640.26 69.6140.05 74.4140.16

SRRL [31] 68.7740.06 69.4440.13 74.60+0.04

DKD [19] 70.0740.12 70.0140.13 74.8040.04

LGMKD 70.141+0.04 70.56+0.17 75.56+0.17

TABLE III
TOP-1 TEST ACCURACY (%) OF VARIOUS MULTI-TEACHER KNOWLEDGE
DISTILLATION APPROACHES ON IMAGENET.

Teacher ResNet32x4 VGG13
53.2140.21 49.1740.11
Student MobileNetV2  MobileNetV2
38.46+0.14 38.46+0.14
AVER-KD [9] 39.98+0.19 39.68+0.11
AVER-FitNet [16] 39.29+0.14 39.63+0.23
AEKD [14] 40.02+0.17 40.361+0.19
EBKD [21] 40.75+0.13 40.8940.14
CA-MKD [15] 40.644+0.19 40.1940.28
LGMKD 40.8610.15 41.08+0.23

TABLE IV

TOP-1 TEST ACCURACY (%) OF VARIOUS MULTI-TEACHER KNOWLEDGE
DISTILLATION APPROACHES ON CIFAR-100, WHERE TEACHER HAVE
DIFFERENT ARCHITECTURES.

Teacher ResNet8x4  ResNet20x4  ResNet32x4
72.69 78.28 79.31
Student VGG

70.704+0.26
AVER-KD [9] 74.5340.17
AVER-FitNet [16] 74.3840.23
AEKD [14] 74.7540.21
EBKD [21] 74.2740.14
CA-MKD [15] 75.2140.16
LGMKD 75.461+0.12

C. Ablation Study

The proposed LGMKD method is comprised of three key
components: the loss function with the ground-truth label,
local frequency, and global frequency. To evaluate the impact
of each component on the performance of LGMKD, we

conducted ablation experiments with four distinct variants:
1) Variant A, which utilizes only L., represents standard
training from scratch; 2) Variant B, which incorporates only
local frequency; and 3) Variant C, which includes both local
and global frequency.

The results of these ablation experiments are presented in
Table V, showcasing the superior performance of our proposed
method compared to all other variants. The observed accuracy
improvements for each variant highlight the contribution of
each component to the overall effectiveness of our method.
Specifically, the comparison between Variant A and the other
variants emphasizes the value of knowledge distillation. Ad-
ditionally, the contrast between Variant A and Variant B un-
derscores the importance of incorporating frequency attention
knowledge, while the comparison of Variant B with Variant C
demonstrates the benefits of integrating both local and global
frequency information.

TABLE V
ABLATION STUDY WITH RESNET32-VGGS8 PAIR ON CIFAR-100.
Variants | Lce local frequency  global frequency Top-1
A ['4 X 70.70£0.26
B v v X 73.51£0.22
C v v v 75.39+0.20

V. CONCLUSION

In this paper, we introduced an advanced approach for
knowledge distillation in multi-teacher settings by integrating
local and global frequency attention mechanisms. Our method



addresses the limitations of conventional distillation tech-
niques by enhancing the student model’s capability to capture
and leverage both fine-grained local details and broader global
patterns from multiple teacher models. The integration of
these frequency-based attention mechanisms significantly im-
proves the performance of the student model, as demonstrated
through comprehensive experiments across various benchmark
datasets. These experiments show that our approach not only
surpasses traditional distillation methods in terms of accuracy
but also enhances the robustness of the student model. By
offering a more nuanced and effective means of knowledge
transfer, our work advances the state-of-the-art in model com-
pression and transfer learning. The success of our approach
highlights the potential of combining local and global attention
mechanisms to optimize multi-teacher knowledge distillation,
providing valuable insights and promising directions for future
research and development in the field.
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