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Abstract. Knowledge distillation can enhance network generalization
by guiding a smaller student network to learn from a more complex
teacher network. The challenge lies in maximizing the performance of
the student network under the supervision of the teacher network. Cur-
rently, the feature-based distillation approach utilizes the middle-layer
features of the teacher network to improve the performance of the stu-
dent network. However, this approach lacks a measure to evaluate the
content of the information present in the intermediate layers of both the
teacher and student networks, which leads to a distillation mismatch of
features and damages the student’s performance. In this study, we pro-
pose a new feature distillation method to solve this problem. We mea-
sure the information content in the intermediate layers of the teacher
and student networks based on the receptive fields of corresponding fea-
tures. Subsequently, the suitable number and locations of transmission
features are decided based on information content, effectively alleviating
the risk of information mismatch during distillation. Our experimental
results demonstrate that the proposed method significantly improves the
performance of the student network.

Keywords: Model Compression · Knowledge Distillation · Receptive
Field· Feature Distillation.

1 Introduction

Deep neural networks (DNNs) have been widely used in computer vision for
tasks such as object detection [16] and semantic segmentation [7]. However, these
excellent DNNs with a large number of parameters often require huge comput-
ing consumption and memory occupation, which make it difficult to deploy the
model on resource-constrained devices. Many model compression methods have
been proposed to solve this problem, including network quantization [9], network
pruning [6, 11, 12, 20], lightweight network design [14, 28], and knowledge distil-
lation (KD) [1,8,17,26,29]. Among them, the knowledge distillation method has
attracted much attention due to its effectiveness and simplicity.

Knowledge distillation refers to using the pre-training teacher network to
transfer knowledge to a small student network to improve the performance of
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the student network. Generally speaking, there are different types of knowledge,
such as soft labels [8] and middle hidden layer information [17]. Compared with
the category dependency information in soft labels, there is rich texture infor-
mation contained in the features of the middle hidden layer, which can be taken
as useful supervision signals for the student network. In general, as shown in
Fig. 1a and 1b, most of the existing methods artificially select feature transfer
locations and lack measurement methods to quantify the information content in
different feature locations between the teacher and the student. For example, a
series of methods [2,3,17,25,26] propose to match the middle-layer features of the
teacher network and the student network one-to-one. In fact, due to the struc-
tural differences between the teacher and the student, the student network needs
to mimic information suitable for itself. Furthermore, with the change of network
parameters during training, the conventional one-to-one feature matching may
cause an information mismatch, which inevitably damages the performance of
the student network.

In deep learning, the receptive field [13] is an important tool for understand-
ing how the network works, which is defined as a region where a specific feature
is affected by the input space. The receptive field can quantify the size of an
image captured by a feature. Intuitively, if a feature can capture a large size
for an image, it contains much information content about the image. Therefore,
we calculate the receptive fields of the features of the teacher and student to
quantify their information content, which can be utilized to precisely match the
transferring features from teacher to student.

Based on the above analysis, as shown in Fig. 2, we propose a distillation
framework called Information Matching Knowledge Distillation (IMKD) to ef-
ficiently align the teacher and the student. Firstly, the receptive field computa-
tion is introduced to automatically compute the information difference between
student and teacher in the middle layer. Secondly, we propose a simple feature-
matching method to obtain suitable teacher-student layer pairs according to
the information difference. The student network mimics the information of the
suitable feature locations to obtain higher performance and stronger general-
ization. Our method has mainly two advantages for distillation over previous
feature-based distillation: 1) By measuring the information difference between
the features of the teacher and the student, we can properly assign features of the
teacher network to transfer to the student network; 2) we can adaptively match
the target features according to the performance improvement of the student
network. We conduct experiments on different combinations of teacher-student
networks. The experimental results in Section 4 show that our method signif-
icantly improves different neural networks. For example, the proposed method
improves the performance of ShuffleNetV2 [14] from 71.82% to 78.13% on CI-
FAR100. To sum up, the main contributions of this paper are as follows:

– We propose a novel information-matching knowledge distillation (IMKD) to
adaptively match target features, which can effectively alleviate the problem
of information mismatch in feature distillation.
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Fig. 1: (a) One-to-one feature matching. (b) Fully connected feature matching.
(c) Effective receptive field. The area in the red box is a high contribution area.
The effective receptive field size is obtained by calculating the ratio of the high
contribution area to the entire area. Visualization method derived from work [5]

– We analyze the importance of the receptive field for feature distillation and
introduce it as a new metric to quantify the difference between teacher-
student layer pairs.

– Our proposed method can adjust the learning features for the student net-
work according to the performance change of the student network in distil-
lation to further improve the performance of the student network.

2 Related Work

2.1 Knowledge Distillation

Knowledge distillation aims to train an excellent, compact student network by
learning the predictions of a cumbersome teacher network. Hinton et al. [8] pro-
pose the pioneering method, where the student network learns the soften output
probabilities of the teacher network. Subsequent works explore rich knowledge,
e.g., intermediate layer responses [17], attention maps [26], sample relations com-
posed of sample similarity matrices [15], and representation learning [21]. In
addition, cross-layer feature distillation methods [2, 3, 31] propose to make the
student network fully mimic the multi-layer features of the teacher network and
achieve surprising results.

2.2 Receptive Field

The receptive field is a concept that helps to understand and analyze DNNs,
which can measure the degree of association between the feature output of the
network and the input. In 2016, Luo et al. [13] proposed the concept of the
effective receptive field (ERF) and visualized the ERF of the network. The ERF
of the network is much smaller than the theoretical receptive field, which presents
a Gaussian distribution in the center of the image. Recently, Ding et al. [5] greatly
improved the performance of the network by increasing the ERF. In this study,
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Fig. 2: Overview of our proposed distillation method (IMKD). First, the features
and effective receptive fields of each layer are obtained through forward propaga-
tion. Second, the difference between each teacher-student layer pair is computed,
and the proposed IMKD automatically matches suitable teacher-student layer
pairs. Finally, the student mimics the teacher’s predictions via Ltotal.

we measure the information difference between the teacher and the student by
introducing the ERF into distillation training. We propose a matching algorithm
to enable the student network to obtain better feature representation capabilities
by matching appropriate feature information.

3 Method

In this section, we first introduce the necessary concepts of knowledge distillation
and basic notations in Section 3.1. Then, effective receptive field calculation is
described in Section 3.2. Finally, we propose the novel matching mechanism and
main formulations in Section 3.3.

3.1 Preliminaries

Formally, we define the training dataset as D = {(xi, yi)}ni=1 , where n denotes
the number of examples in D and D contains c categories. The fixed pre-trained
teacher network and the randomly initialized student network are denoted as T
and S, respectively. For an image x ∈ D inputting into the teacher network T and
the student network S, the logits are obtained as of the student network S and
the teacher network T as gS = S(x) and gT = T (x), respectively. The features of
the student network and the teacher network are denoted as FSl

∈ RCSl
×HSl

×WSl

and FTl
∈ RCTl

×HTl
×WTl , where Sl ∈ {S1, ..., SL} and Tl ∈ {T1, ..., TL}. C, H,

and W represent the channel number, height, and width of the corresponding
feature, respectively. SL and TL are the total number of features of the teacher
and the student, where SL and TL are not correlated. σ(·) denotes as the softmax
function, and l represents the index of layers in the corresponding model. The
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symbol ω is a balance parameter that is used to reasonably control the size of
the difference.

The core idea of knowledge distillation is to improve network performance
by transferring the knowledge of the teacher network to the student network. In
classical KD [8], distillation training is achieved by a minidiscrepancy between
the soft labels of the teacher network and student network:

LKD = LCE(y, σ(gS)) + τ2LKL(σ(
gS

τ
), σ(

gT

τ
)), (1)

where LCE(·, ·) represents the cross-entropy loss, which is used to calculate the
difference between the truth label y and the prediction σ(gS), LKL is the KL
divergence, τ is a temperature parameter to control the soften degree of the soft
labels.

3.2 Effective Receptive Field Calculation

In our IMKD, we introduce ERF to quantify the gap of features between the
teacher and the student in preparation for selecting the appropriate feature pairs.

To obtain the effective receptive field of a feature, we first compute the gra-
dient of the feature. Suppose xj,u,v is denoted as a pixel of the input x, where
x ∈ R3×Hx×Wx . First, the feature FSl

∈ RCSl
×HSl

×WSl are converted to F̃Sl
∈

RHSl
×WSl by summation operation. Following the work [13], the partial deriva-

tive ∂F̃ 1,1
Sl

/∂xj,u,v can measure the importance of xj,u,v with respect to F̃ 1,1
Sl

.

Similarly, the importance of an input x with respect to ∂F̃ 1,1
Sl

can be expressed

as G1,1
Sl

=
∑3

j=1

∑Hx

u=1

∑Wx

v=1

∂F̃ 1,1
Sl

∂xj,u,v . Then, we can obtain the gradient GSl
of

the feature FSl
, where the gradient GSl

= [G1,1
Sl

, ..., G
HSl

,WSl

Sl
] ∈ RHSl

×WSl . We
show the effective receptive field by visualizing this gradient in Fig. 1c. More-
over, the high contribution region containing 99% of non-zero gradient values is
selected, and its height and width are both KSl

. We obtain the size RSl
of the

ERF through the area ratio of the high contribution area to the entire area:

RSl
=

KSl
×KSl

HSl
×WSl

. (2)

In this study, the size R of the ERF at each layer of the teacher network and the
student network can be expressed as C = {(RSl

, RTl
)|∀RSl

∈ [RS1 , · · · , RSL
],

∀RTl
∈ [RT1 , · · · , RTL

]}.

3.3 Feature Matching Distillation

The key point of our method is to measure the information difference and match
target features suitable for the student network to learn. Overall, our method
can be divided into three steps: 1) The same examples are input into the teacher
and the student to obtain effective receptive fields; 2) through the calculated
effective receptive fields, the student network selects suitable target features;
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and 3) knowledge from the teacher network is transferred to the student network
based on the selected features.

First, we can use the following formula to get the difference in the receptive
field of each layer:

α(Tl,Sl) = |RTl
−RSl

|. (3)

We need to obtain target feature maps matching the student network to avoid
negative effects. Therefore, we classify the difference factor α as follows: 1) If α
is smaller than ω, we keep such a teacher-student layer pair; 2) otherwise, we
regard such a feature pair as a semantic mismatch and discard it. The specific
formula is as follows:

W(Tl,Sl) =

{
1, if α(Tl,Sl) < ω

0, otherwise,
(4)

where the reasonable value range of ω is shown in Sec 4.4. Then, the mean square
error (MSE) is used to minimize the distance between selected target features
from the teacher network and those from the student network. Distillation loss
LIMKD is as follows:

LIMKD =

SL∑
Sl=1

TL∑
Tl=1

W(Tl,Sl)MSE(r(FSl
), r(FTl

)), (5)

where r(·) is an adaptive layer composed of 1x1 convolution and an adaptive
pooling layer, which is used to align the dimension of features.

Finally, we use the following total loss to train the student network:

LTOTAL = LCE + τ2LKL + βLIMKD, (6)

where β is a hyperparameter used to balance the loss function.

4 Experiments

The training details and datasets for all experiments are in Sec. 4.1. The ef-
fectiveness of the proposed distillation method has been verified on different
datasets. In Sec. 4.2, we show experimental results of teacher-student networks
with the same structures and different structures for distillation on CIFAR-100,
STL10 and Tiny-ImageNet. To further verify the effectiveness of the method, we
provide the results of the comparison of different distillation methods. Moreover,
Section 4.3 provides some visualizations of our approach. Finally, the results of
ablation experiments are presented in Sec. 4.4.

4.1 Datasets and Experiments Configuration

Three basic image classification datasets, including CIFAR100 [10], Tiny-ImageNet [22],
and STL10 [4], are used to verify the effectiveness of the proposed method.
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Following previous work [2, 21], we employ a stochastic gradient descent op-
timizer with momentum set to 0.9. For all experiments, the weight decay is set
to 5× 10−4, and the batch size is set to 64. For CIFAR100, the initial learning
rate is set to 0.05, and the learning rate decreases by 10 at 150, 180, and 210
epochs until 240 epochs. The configuration of the Tiny-ImageNet dataset is con-
sistent with that of CIFAR100. For STL10, the initial learning rate is set to 0.05
and is decayed by 0.1 every 30 epochs. We set the LCE weight and temperature
parameters τ as 1 and 4, respectively.

Table 1: Top-1 test accuracy of different distillation approaches on CIFAR100.

Teacher ResNet32x4 ResNet32x4 ResNet-110x2 ResNet32x4 WRN-40-2
Student ShuffleNetV1 ShuffleNetV2 ResNet-116 resnet8x4 ShuffleNetV1

Teacher 79.42% 79.42% 78.18% 79.42% 75.61%
Student 70.50% 71.82% 74.46% 72.50% 70.50%
KD [8] 74.07% 74.45% 76.14% 73.33% 74.83%

FitNet [17] 73.59% 73.54% 76.20% 73.44% 73.73%
AT [26] 71.73% 72.73% 76.84% 72.94% 73.32%
CRD [21] 75.11% 75.65% 76.83% 75.51% 76.05%
SRRL [24] 75.18% 76.19% 77.19% 75.39% 76.30%
SemCKD [2] 76.31% 77.62% 76.69% 76.23% 76.83%
DKD [30] 76.45% 77.07% 77.08% 76.32% 76.70%

Ours 77.17% 78.13% 78.05% 76.89% 77.31%

4.2 Compared to Different Distillation Methods

Table 1 show the top-1 test accuracy of multiple methods with different network
combinations on CIFAR100. We compare eight different distillation methods,
among which FitNet [17], AT [26], and SemCKD [2] are feature-based distilla-
tion methods. From Table 1, we can see that the proposed method significantly
improves network accuracy compared to other methods on CIFAR100. For exam-
ple, in the network combination “ResNet32x4 [23]/ShuffleNetV1 [28]”, the test
accuracy of our method achieves a performance improvement of 6.51% compared
to the baseline. The higher performance of the network reflects that the proposed
method alleviates the information mismatch problem of feature distillation.

Table 2 shows the experimental results of different teacher-student archi-
tectures on Tiny-ImageNet. From Table 2, we can see that IMKD outperforms
other feature distillation methods. Especially, the best example is in the setting
of “ResNet32x4 [23]/ShuffleNetV2 [14]” where the student’s performance is even
better than the teacher’s performance. The reason for the excellent performance
of our proposed approach is to select connections suitable for training.

Table 3 shows the comparison results of different distillation methods on
STL10. Our method significantly improves the test accuracy of different net-
works on the STL10 dataset. For example, for the network combinations “WRN-



8 Honglin Zhu et al.

40-2 [27]/ShuffleNetV1 [28]” and “WRN-40-2 [27]/MobileNetV2 [18]”, IMKD
outperforms semckd by 2.05% and 3.03%. Furthermore, IMKD significantly out-
performs KD methods in multiple network combinations. These excellent test
results show that our method can select the target features suitable for distilla-
tion, and the training of IMKD is stable and robust.

Table 2: Top-1 test accuracy of different distillation approaches on Tiny-
ImageNet.

Teacher WRN-40-2 ResNet110 ResNet32x4
Student WRN-16-2 ResNet20 ShuffleNetV2

Teacher 62.53% 60.36% 65.28%
Student 58.60% 54.03% 62.40%
KD [8] 60.92% 55.75% 67.95%

FitNet [17] 58.63% 53.20% 67.82%
AT [26] 60.20% 55.86% 66.90%
RKD [15] 58.72% 54.22% 68.28%

SemCKD [2] 60.82% 56.52% 68.13%

Ours 61.67% 57.28% 68.87%

Table 3: Top-1 test accuracy of different distillation approaches on STL10.

Teacher VGG13 WRN-40-2 WRN-40-2 ResNet32x4
Student VGG8 MobileNetV2 ShuffleNetV1 MobileNetV2

Teacher 71.58% 71.26% 71.26% 69.67%
Student 69.30% 53.30% 59.60% 53.30%
KD [8] 71.65% 58.07% 61.33% 58.06%

FitNet [17] 71.81% 63.79% 68.13% 63.26%
AT [26] 70.41% 58.43% 69.86% 60.51%

SRRL [24] 69.76% 53.83% 65.86% 57.09%
SemCKD [2] 72.61% 66.58% 70.33% 61.99%
DKD [30] 69.73% 58.04% 63.58% 58.89%

Ours 73.30% 69.61% 72.38% 65.01%

4.3 Visualization

To verify the advantage of our proposed IMKD, we provide the visualization
of the penultimate layer of the student network. In Fig. 3, IMKD has stronger
representation ability compared to the student network. Moreover, our approach
has more scattered embeddings than KD.

To provide visual interpretations of IMKD, we use Grad-CAM [19] to high-
light regions that the model values in Table 5. Three images labeled “Espresso”,
“Labrador” and “Orange” are randomly selected on Tiny-ImageNet. In Table 5,
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(a) Student (b) KD (c) Teacher (d) IMKD

Fig. 3: The penultimate layer visualization of ShuffleNetV1 (student) with KD,
IMKD and the teacher (ResNet32x4) on CIFAR-100.

Table 4: The ablation experiments with different feature matching approachs.

Teacher ResNet32x4 WRN-40-2 ResNet32x4
Student ShuffleNetV1 ShuffleNetV1 ResNet8x4

Teacher 79.42% 75.61% 79.42%
Student 70.50% 70.50% 72.50%

one-to-one feature matching 76.09% 75.85% 75.18%
Fully connected feature matching 76.10% 76.20% 75.54%

Ours(IMKD) 77.17% 77.31% 76.68%

the Grad-CAM maps of IMKD pays more attention to important regions than
KD and baseline. As shown in the visualization in the fourth row of Table 5, our
method can focus on the location of the orange.

4.4 Ablation

We set up three feature matching methods to verify the effectiveness of the pro-
posed information matching method in Table 4. One-to-one feature matching
is set as the same stage of information transfer, as shown in Fig. 1a. The fully
connected feature matching approach is shown in Fig. 1b. Different from other
feature distillation frameworks, our IMKD performs automatic feature matching
based on information differences. According to the data in Table 4, suitable in-
formation transfer can significantly improve the performance of the student net-
work. In particular, the other feature matching methods are significantly lower
than the information matching distillation method, which illustrates the subop-
timal performance of hand-crafted feature matching methods. The information
matching distillation can effectively obtain excellent target features.

Table 6 shows the test accuracy of the network under different settings of
β and ω, where β and ω belong to Equation 6 and Equation 4, respectively.
The network combination is set to “ResNet32x4 [23]/ShuffleNetV2 [14]”. From
Table 6, the experimental results show that matching suitable target features
can effectively improve performance (ω = 0.7). Furthermore, boost is best when
β is equal to 60. Combining the information in Table 6 and Figure 2, when
the locations of multiple target features are set to be similar to the stage of
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Table 5: Grad-CAM visualization of WRN-16-2 (student) with KD, IMKD and
the teacher (WRN-40-2) on Tiny-ImageNet. The labels of the three randomly
selected photos are “Espresso”, “Labrador” and “Orange”.

Image Student Teacher KD IMKD

Table 6: The ablation of β and ω on CIFAR100.
β 40 60 80 100

Top-1 77.02% 78.13% 77.54% 77.61%

ω 0.3 0.5 0.7 0.9
Top-1 77.46% 77.65% 78.13% 77.27%

the student network, the performance of the student network is significantly
improved.

5 Conclusion

This academic paper highlighted a long-neglected aspect of feature map distillation-
based methods: the absence of effective metrics and appropriate matching tech-
niques for training student networks. To address this issue, we propose a novel
approach called IMKD. Our IMKD utilizes the receptive field computation to
calculate the difference in information between the teacher network and student
network. To ensure that the features between teacher and student are appropri-
ately matched during the distillation process, we introduce a feature matching
distillation technique that adapts to the information differences, rather than re-
lying on manual selection. This approach enables the student network to acquire
the most optimal matching information continuously and iteratively throughout
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the distillation training process. Our extensive experiments demonstrate that
IMKD outperforms previous distillation methods.
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