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Abstract. Knowledge distillation is a model compression technology,
which can effectively improve the performance of a small student net-
work by learning knowledge from a large pre-trained teacher network.
In most previous works of feature distillation, the performance of the
student is still lower than the teacher network due to it only being su-
pervised by the teacher’s features and labels. In this paper, we novelly
propose Cross-layer Fusion for Knowledge Distillation named CFKD.
Specifically, instead of only using the features of the teacher network,
we aggregate the features of the teacher network and student network
together by a dynamic feature fusion strategy (DFFS) and a fusion mod-
ule. The fused features are informative, which not only contain expressive
knowledge of teacher network but also have the useful knowledge learned
by previous student network. Therefore, the student network learning
from the fused features can achieve comparable performance with the
teacher network. Our experiments demonstrate that the performance of
the student network can be trained by our method, which can be closer
to the teacher network or even better.

Keywords: Model Compression · Knowledge Distillation · Cross-Layer
Fusion.

1 Introduction

With the development of deep learning, neural networks have obtained satis-
factory performance in various computer vision tasks [4, 10, 27]. However, the
required parameters and calculations for a superior network are huge on the
whole. In practice, these cumbersome networks with high performance are diffi-
cult to deploy on resource-limited devices, such as mobile phones, which hinders
the practice application of neural networks. To solve this problem, a variety
of research methods have been proposed, including network pruning [16, 17],
quantization [12], lightweight network design [9, 18, 22] and knowledge distilla-
tion [6, 21,26,29].

Among these methods, we are concerned with knowledge distillation (KD),
which is mainly to transfer knowledge from the large teacher network to the
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compact student network. KD aims to train a small student network with sim-
ilar performance to the large teacher network, thus the student network can be
applied to resource-limited devices for practice application. The original distilla-
tion approach is introduced by Hinton et al. [6], which makes a student learn the
logit soft output after the linear layer from a teacher network. To improve the
efficiency of knowledge transfer, Romero et al. [21] proposed a feature distillation
framework to utilize the teacher’s intermediate features and ground truth labels
to supervise the student training. Some works [3,20,25,26] have further improved
the feature distillation method. In general, features from a certain layer of the
teacher are transferred to the student. After filtering, a part of useful information
extracted by a certain layer of the teacher may be discarded. Therefore, the im-
provement brought by transferring the knowledge of the teacher alone is limited.
Some studies [7, 14, 15] have found that the aggregated feature maps from two
parallel networks are expected to generate better prediction results than those
of the feature maps of a single network. It is believed that the prediction results
can be improved because the fused features are rich and discriminative [7].

In this study, we propose cross-layer fusion for knowledge distillation (CFKD).
In our method, instead of only using teacher features, the student is supervised
by expressive knowledge combined with the features of the teacher network and
student network, as shown in Fig. 1. We introduce the fused features for two
reasons. The first is that the thin and small student network could provide shal-
low texture information for fused features. The second is that the student could
effectively improve their performance through self-distillation of their deeper
stage features [8, 13, 28]. We believe that the fused features that aggregate the
deeper stage features of the student are beneficial to the student network train-
ing. Furthermore, we explore a dynamic feature fusion strategy, which can get
valuable fused features by controlling the role of the student’s features in the
fused features. In some teacher/student networks such as ‘ResNet50/ResNet20’
and ‘WRN-40-2/WRN-16-2’, the student network outperforms the teacher net-
work in our experiments, which validates the effectiveness of our method.

The details of our proposed distillation method are presented in Sec. 3.3. The
specific content of the fusion module and the dynamic feature fusion strategy
are shown in Sec. 3.4. Extensive experiments validate the effectiveness of our
method in Sec. 4.

2 Related work

In this section, we introduce the related work in detail. Related works on knowl-
edge distillation and feature distillation are discussed in Sec. 2.1 and Sec. 2.2,
respectively. Related works on the feature fusion method are discussed in Sec.
2.3.

2.1 Knowledge Distillation

Reducing model parameters and speeding up network inference are the main pur-
poses of model compression. Knowledge distillation is a simple and convenient
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approach among model compression methods, which improves the performance
of the student network by learning the output of the well-trained teacher net-
work. This idea is first introduced by Hinton et al. [6], the student network is not
only supervised by ground-truth labels but also mimics the teacher’s predicted
probabilities called soft targets. In [2, 29], they explore an online distillation
method to improve network performance by training multiple student networks
and encouraging each network to learn soft targets from other networks.

2.2 Feature-Map Distillation

The goal of feature distillation is to promote the student to learn the teacher’s
features. Romero et al. [21] first introduced intermediate layer feature distilla-
tion. They proposed that the teacher network transfers the intermediate layer
features as knowledge to the student network, which can further improve the pre-
diction ability of the student network. The attention mechanism is introduced by
Zagoruyko et al. [26] to extract expressive information from the teacher’s middle
layers for knowledge distillation. Heo et al. [5] proposed a margin ReLU function,
which advances the position of feature distillation before ReLU. Furthermore,
they used a partial L2 loss to reduce the transfer of useless information.

To the best of our knowledge, previous work has not considered the role of
the student’s deeper features in the teacher-student learning paradigm. In this
study, we propose the combination of the student’s deeper features and teacher
features as knowledge for student learning.

2.3 Feature fusion method

The feature fusion method can combine different features through fusion oper-
ations. Lin et al. [15] employed matrix product to aggregate two feature maps
produced by two parallel convolutional networks for image classification. They
think that fused features can get higher local features. The method of Hou et
al. [7] fused features by introducing the ‘SUM’ operation. They argue that richer
and more accurate images produced by feature fusion methods are beneficial for
recognition. Kim et al. [14] apply fused features for online distillation, to boost
each untrained sub-network. Shen et al. [23] aggregated features from multiple
teachers to guide the learning of the student network by amalgamation module.

3 Method

This section introduces the cross-layer fusion knowledge distillation (CFKD).
The notations are in Sec. 3.1. Section 3.2 briefly introduces logit-based distil-
lation. Figure 1 shows an overview of our distillation method. The details of
the proposed method are described in Sec. 3.3. Section 3.4 discusses the fusion
method and dynamic feature fusion strategy in detail.
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Fig. 1: The overall framework of cross-layer fusion for feature distillation. The
process of distillation consists of two stages. In the first stage, the fusion mod-
ule aggregates the features from the teacher and the student to generate fused
features. In the second stage, rich fused features are learned by the student to
improve performance.

3.1 Notations

Given a set of input data X = {x1, x2.., xk} including k examples, the label
corresponding to each example is denoted as Y = {y1, y2.., yk}. We define a pre-
trained and fixed teacher network as NT and a student network as NS . Let g

s,
gt denote the logits of the student network and teacher network, respectively,
where the variables with superscripts s and t represent them are outputted by
the student network and teacher network, respectively, throughout this paper.
fsj represents the j-th layer’s features of the student network, j ∈ {1, ..., n}. f ti
represents the i-th layer’s features of the teacher network, i ∈ {1, ..., n}, where
n represents the maximum number of blocks in the network.

3.2 Logit-based Knowledge Distillation

The purpose of knowledge distillation is to train a student network by imitating
the output of a teacher network. In original knowledge distillation [6], the student
network is expected to imitate the teacher’s soft targets. For image classification
tasks, the traditional distillation loss uses the cross-entropy loss and Kullback-
Leibler (KL) divergence. The loss function Llogit can be expressed as:

Llogit = (1− λ)Lce(y, σ(g
s)) + λτ2LKL(σ(g

t/τ), σ(gs/τ)), (1)

where Lce(·, ·) denotes the cross-entropy loss, LKL(·, ·) denotes KL divergence.
τ > 0 is a temperature parameter that controls the level of smoothness between
categories. We use τ2 times LKL because we need to scale the gradient of the
soft targets by 1/τ2. λ is a balancing hyperparameter.
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3.3 Teacher-student Feature Fusion

In our method, the key point is to enhance the performance of the student model
by learning fused features of the teacher-student model. As shown in Fig. 1, the
overall distillation process is divided into two stages. In the first stage, the same
data is inputted into a student network and teacher network to obtain features
of each layer of the teacher network and features of the bottom layer of the
student network. The features from the bottom layer of the student network
and the features from the different layers of the teacher network are aggregated
into fused features through a fusion module, respectively. In the second stage,
the fused features are seen as rich knowledge, which is transferred to different
stages of the student network.

First, we obtain the features f̃i aggregated from the features f ti of the i-th
layer of the teacher network and the features fsn of the student network. The

fused features f̃i of a single layer can be defined as:

f̃i = F(W · f ti + b,W · fsn + b) (2)

where F(·, ·) function is the fusion operation described in detail in Sec. 3.4. W (·)
is a linear function for matrix transformation, b is the bias matrix.

After getting the fused features, we can get the distillation loss of CFKD
through mean squared error (MSE). The single-layer distillation loss L

′

CFKD

can be written as:
L

′

CFKD = MSE
(
f̃i,R(fsn−1)

)
, (3)

where R(·) is a regression function matching the dimensions of the fused features
which is accomplished by [21].

In multi-layer knowledge distillation, the knowledge of the teacher is trans-
ferred to multiple layers of the student network. It is worth noting that multi-
layer knowledge distillation can get higher efficiency for transferring knowledge.
We further generalize our method to multi-layer knowledge distillation. More
specifically, each layer of the student network learns the corresponding fused
features. The multi-layer distillation loss LCFKD is calculated by the following:

LCFKD =

n−1∑
j=1,i=j+1

MSE
(
f̃i,R(fsj )

)
. (4)

In our method, the original cross-entropy loss and KL divergence are added
to the total loss function. We introduce hyper-parameters α, β, and γ to tune
the relationship of several loss functions. Here is our overall loss function Ltotal:

Ltotal = αLce + βτ2LKL + γLCFKD. (5)

3.4 Fusion Module and Dynamic Feature Fusion Strategy

The details of the fusion module are shown in Fig. 2b. First, two feature maps fsn
and f ti should be input into the fusion module. The channel dimensions and sizes
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Fig. 2: An overview of the proposed dynamic fusion function and fusion module.
(a)The dynamic fusion function is a piecewise function. When the training time
increases, the dynamic fusion function obtains different function values. (b)Both
features are compressed. The compressed features are aggregated into fused fea-
tures through 1x1 convolution, multiplication, and addition.

of the feature maps fsn and f ti are compressed to a relatively small size. Second,

The two compressed feature maps fs
n and f t

i are aggregated into the feature

maps f
′ ∈ Rb×2×h×w. Then, the concatenated features f

′
are multiplied by the

compressed features to produce two feature maps f̂s
n and f̂ t

i . Finally, the fused

features f̃i are obtained by adding the two features f̂s
n and f̂ t

i . The structure
is inspired by Chen et al. [3]. Different from them, we add the operation of
compressing the feature maps in the fusion module.

The purpose of the dynamic feature fusion strategy (DFFS) is to obtain
high-quality fused features by controlling the role of student features in fused
features. In the early stage of training, the student has poor performance, whose
bottom layer features may bring negative effects to the fused features. Therefore,
only the transferred knowledge from the features of the teacher is used in the
beginning. With the improvement of the student’s performance, features from
the student are more beneficial to the generated fused features. The features
of the two models are actively combined into fused features. At this point, we
introduce a dynamic fusion function S to control the effect of student features
on fused features. The dynamic fusion function is shown in Fig. 2a. In the fusion
process, the features of the student are multiplied by S and combined with
the features of the teacher. When the student’s performance is similar to the
teacher’s performance, the features of the two models are fused in the same
proportion. The equation of dynamic fused function S can be written as:

S(EPOCH) =


EPOCH

300
+ 0.83334 20 =< EPOCH <= 50

1 50 < EPOCH <= 240
(6)
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4 Experiments

The training details for all experiments are in Sec. 4.1. The effectiveness of the
proposed distillation method has been verified on different datasets. In Sec. 4.2,
we provide the results on CIFAR-10 dataset. In Sec. 4.3, we show experimen-
tal results of teacher-student networks with the same structures and different
structures for distillation on CIFAR-100. To further verify the effectiveness of
the method, we provide the results of the comparison of different distillation
methods. Finally, the results of ablation experiments are presented in Sec. 4.4.

4.1 Experimental setup

Dataset (1) CIFAR-10 contains 60,000 examples, which have 50,000 images for
training and 10,000 images for testing. It includes 10 categories and all examples
are 32x32 RGB images. (2) CIFAR-100 has 100 classes for image classification
with 50K training examples and 10K test examples, where the resolution of each
example is 32x32.

Implementation Details All experiments use the gradient descent algorithm
[1]. Horizontal flip and random crop are used for data augmentation in the
experiments. The batch size is set to 128 and the weight decay value is 5e−4 on
CIFAR-100 and CIFAR-10 datasets. The temperature hyperparameter is set to
4. For CIFAR-100, all networks are trained for 240 epochs. The initial learning
rate for the experiments we set is 0.05. We set the learning rate to drop at
150, 180, and 210 epochs. Our training setup is consistent with CRD [24]. All
our results are obtained from training four times. For CIFAR-10, all networks
are trained for 200 epochs. During training, the initial learning rate is 0.1 and
is decayed at 60, 120, and 160 epochs. The overall experimental setup follows
AT [26].

Table 1: Top-1 test accuracy of the same architectures of the teacher-student
networks on CIFAR-10. Ours is CFKD.

Teacher WRN40-2 WRN40-1
Student WRN16-2 WRN16-1

Teacher 94.73% 93.42%
Student(base) 93.69% 91.14%

KD [6] 93.92% 91.30%

Ours 94.23% 91.56%

4.2 Experiments of CIFAR-10 dataset

For CIFAR-10, the WRN model [27] was used as teacher-student combinations
for evaluation. Table 1 shows the experimental results of our CFKD on CIFAR-
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10. The student network using our method achieves 94.23% and 91.56% results,
respectively. Compared to the KD [6], our method achieves better accuracy.

4.3 Experiments of CIFAR-100 dataset

Table 2 shows the experimental results of the same teacher-student architecture
on CIFAR-100. We set up multiple groups of networks with the same architec-
tures, for example, WRN-40-2/WRN-16-2, ResNet56/ResNet20. From Table 2,
our proposed fusion feature distillation outperforms other distillation methods.
Especially, the best example is in the setting of ‘WRN-40-2/WRN-16-2’ where
the student’s performance is even better than the teacher’s performance.

As shown in Table 3, we set up multiple groups of teacher-student networks
with different architectures, such as ResNet32x4/ShuffleNetV2 [18]. This exper-
iment shows that our method achieves great performance in different teacher-
student architectures. The results in Table 2 and Table 3 show that our proposed
cross-layer fusion feature distillation successfully improves student network per-
formance.

Table 2: Test accuracy of the same architectures of teacher-student networks
on CIFAR100 (ours is CFKD). The accuracy of the comparison method comes
from the papers of other authors. In this experiment, CFKD outperforms all
other methods.

Teacher WRN-40-2 WRN-40-2 ResNet56 ResNet110 ResNet110
Student WRN-16-2 WRN-40-1 ResNet20 ResNet20 ResNet32

Teacher 75.61% 75.61% 72.34% 74.31% 74.31%
Student(base) 73.26% 71.98% 69.06% 69.06% 71.14%

KD [6] 74.92% 73.54% 70.66% 70.67% 73.08%
FitNet [21] 73.58% 72.24% 69.21% 68.99% 71.06%
AT [26] 74.08% 72.77% 70.55% 70.22% 72.31%
PKT [19] 74.54% 73.45% 70.34% 70.25% 72.61%
FSP [25] 72.91% N/A 69.95% 70.11% 71.89%
NST [11] 73.68% 72.24% 69.60% 69.53% 71.96%
CRD [24] 75.48% 74.14% 71.16% 71.46% 73.48%

Ours 75.70% 74.75% 72.39% 71.60% 74.11%

4.4 Ablation Study

In this section, we verify the effectiveness of the method through different ab-
lation experiments. We mainly use the WRN network as the base model for
validation experiments. We mainly conduct experiments by setting different loss
hyperparameter weights, the number of fused features, and the dynamic fusion
function.
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Table 3: Test accuracy of the different architectures of teacher-student networks
on CIFAR100 (ours is CFKD). The accuracy of the comparison method comes
from the papers of other authors.

Teacher ResNet32x4 ResNet32x4
Student ShuffleNetV1 ShuffleNetV2

Teacher 79.42% 79.42%
Student(base) 70.50% 71.82%

KD [6] 74.07% 74.45%
AT [26] 71.73% 72.73%

FitNet [21] 74.12% 73.54%
NST [11] 74.12% 74.68%
PKT [19] 74.10% 74.69%
CRD [24] 75.11% 75.56%

Ours 75.61% 75.86%

Table 4: The effect of the different number of features on distillation efficiency.
Teacher WRN40-2 WRN40-2
Student WRN16-2 WRN40-1

Teacher 79.42% 79.42%
Student(base) 70.50% 71.82%

num=1 75.58% 73.95%
num=2 75.71% 74.75%
num=3 75.33% 74.52%

(a) Different dynamic fusion functions. (b) Effects of varying γ.

Fig. 3: Effects of different dynamic fusion functions and hyperparameter γ on
distillation performance. (a) Multiple dynamic fusion functions are set to verify
the effectiveness of the method. (b) We verify the effect of varying γ on model
training.



10 H. Zhu et al.

Table 5: Ablation with different dynamic fusion functions on CIFAR100.
Teacher WRN40-2 WRN40-2
Student WRN16-2 WRN40-1

Constant Function a 75.29% 73.80%
Convex Function b 75.47% 74.26%
Linear Function c 75.19% 73.91%
Concave Function d 75.54% 73.64%

Dynamic Fusion Function S 75.71% 74.75%

The number of fused features Learnable structural knowledge has a positive
effect on the student’s network training. To some extent, the number of fused fea-
tures can directly affect the structure of knowledge. Therefore, it is necessary to
explore the number of fused features for training. We set up several experiments.
In the first group, we only use the teacher’s features to transfer knowledge. Be-
cause the fused features only have one type, we mark this group as ’num=1’.
Fused features of the second group are composed of the last layer of the student’s
features and a certain layer of the teacher’s features. We label this group as ’num
= 2’. In the last group, the multi-layer features from the teacher are aggregated
with the student features to obtain the aggregated features. ’num = 3’ represents
the last group. Table 4 shows the validation results under different experimental
settings. The accuracy of the second group significantly outperformed the other
groups.

Dynamic fusion function The purpose of the dynamic fusion function is
mainly to control the role of features of the student in the fused features. To
verify the effectiveness of the proposed method, we set different dynamic fusion
functions including constant function a with constant one, increasing convex
function b, increasing linear function c, increasing concave function d and pro-
posed dynamic fusion function S. As shown in Fig. 3a, the label in the figure
shows the expression of the functions. Table 5 provides experimental results for
different functions. From Table 5, we can see that the dynamic fusion function
S outperforms other functions in this experiment.

Weight of loss hyperparameter The hyperparameters of the loss function
can affect the performance of the network because the hyperparameters affect
the gradient propagation. Figure 3b shows our experimental results using dif-
ferent hyperparameter values. The range of the hyperparameter γ is 0.1 to 2.0.
The interval between two adjacent values is 0.1. From Fig. 3b, we can see that
parameter values between 0.5 and 1.0 are more favorable for network training.

5 Conclusion

In this study, we propose cross-layer feature fusion for knowledge distillation. The
purpose of our method is to improve the performance of the compact student
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network by learning fused features aggregated from the features of the teacher
and the deeper stage (bottom layer) features of the student. The method con-
sists of two stages. Firstly, the fusion module aggregates two different features to
obtain fused features. Then, the fused features are viewed as knowledge and then
transferred to the student network. To obtain high-quality fused features, a dy-
namic fusion function is proposed. Extensive experiments demonstrate that our
method can improve the student’s performance. Compared to previous methods,
it is shown that the methods we propose can achieve better accuracy.
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