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Abstract. Due to the high scalability of deep learning and its ability to manipulate large-scale
hyperparameters, it has achieved great success in many fields. However, encoding such a large-
scale data set is ultimately at the cost of expensive computing power and storage resources, which
has also prompted model compression and model acceleration to become a hot topic in recent years.
Model pruning, weight decomposition, reduction of model accuracy, weight sharing, etc. are all
currently popular solutions, but they have a common problem that they cannot ensure that the
compressed model is as good as the original model, and they are all based on the original model. to
modify. This paper draws on the method based on knowledge distillation, introduces the concept of
Renyi-divergence popularized by KL-divergence, and proposes a loss function that has been based
on Renyi-divergence distance metric, and uses the rigor of the student network as a hyperparameter.
A student network model that minimizes the loss function under rigor. We validated our results on
ResNets using the cifar-10, cifar-100, and imagenet datasets. It improved the basic model by 0.6%,
and the absolute gain of Top-l accuracy exceeded 1.6%.
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1. Introduction

In recent years, Artificial Intelligence (Al) has taken the opportunity of today's big data era to
develop rapidly and penetrate people's lives. Such as intelligent voice recognition Siri, face
recognition in airports and high-speed railway stations, and smart recommendation functions of e-
commerce have brought great convenience to people's lives. The training of many well-performing
network models is inseparable from massive data resources, expensive computing resources and
storage resources. However, deploying these large-scale and cumbersome network models to the edge
(such as smart bracelets, mobile phones, cameras, etc.) will be a huge challenge. To this end, scholars
have developed a variety of model compression and model acceleration methods, which can be
roughly divided into three categories, namely network pruning [LKD+17], network quantification
[QKG+21] and knowledge transfer [PT18]. The basic logic of network pruning is to discard the
weights that do not seriously affect the performance of the model. When we change the value of a
certain parameter, it has little effect on the result, and then the parameter can be cut off. Network
quantization means low precision, which is to convert the floating-point algorithm of the neural
network into fixed-point. This can realize the real-time operation of the network on mobile phones,
and it is also helpful for the deployment of cloud computing. However, these two methods are
modified on the same model, which may lead to overfitting of the model. Good results cannot be
obtained when testing on the test set, and their acceleration effect is still not as good as the model
deployed on the GPU. The model compression method based on knowledge transfer overcomes the
shortcomings of the above methods, and there are essential differences between them. Knowledge
distillation [HVD15] is a common method of knowledge transfer, which is a process of one carrier
(Student-Net) learning knowledge from another carrier (Teacher-Net). It needs to train a lightweight
student model from the Teacher-Net, thereby greatly reducing the depth and width of the model Get
a good compression effect. In 1992, Attewell’s view that “due to knowledge is mostly inert, people
can’t simply accept it, but should reconstruct it” inspired Szulanski and led him to propose a
Knowledge Transfer (KT) model, which is the earliest the work of Knowledge Transfer (KT). Later,
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Gilbert and Cordey proposed a five-step Knowledge Transfer (KT) model, including knowledge
acquisition, knowledge exchange, practical application, acceptance and assimilation. First of all, the
learner should acquire knowledge and communicate with the knowledge imparter. Then, the learner
should apply what they have learned to practice and summarize the results after application. The next
step is to accept, and judge whether you should accept this kind of knowledge through the results of
feedback in practice. Finally, is assimilation. Successful application of knowledge does not mean
being assimilated, but at least it can show that the learner is not resistant. Until recently, Hinton et al.
[HVD15] proposed a new Knowledge Transfer (KT) method based on Knowledge Distillation (KD).

There are two networks for Knowledge Distillation (KD), namely the Teacher-Net and the
Student-Net. The basic idea of KD is to obtain the softened probability distribution (soft target or
dark knowledge) by changing the temperature of the complex Teacher-Net, so that the Student-Net
can acquire these dark knowledge and induce the training of the Student-Net. The higher the
temperature gets, the smoother the distribution of distilled features becomes, and the stronger the
creativity and imagination of the Student-Net. On the contrary, when at a lower temperature, the
performance of the Student-Net is limited by the Teacher-Net. Through KD, the ability of the Student-
Net should be at least the same as that of the Teacher-Net, so as to achieve the same or better
prediction effect with less time complexity and computing resources.

Because in the neural network, the choice of loss function will affect the negative feedback process
of the model, thereby affecting the performance of the model. In the work of this article, we present
the effect of a loss function better for the training of the student network, that is, the distance metric
based on Renyi-divergence, which extends KL-divergence. In order to demonstrate different choices,
affect the knowledge of adistillation results, we use a traceable Gaussian distribution q to generate an
approximate complex distribution p on the basis of minimizing the loss function. As shown in Figure
1, it is the approximate value of a without normalization, as a changes, the coverage ranges of p and
q are different. q is attracted to the mode with the greatest probability quality with o—>—c0, and
when a—>+o0, q tends to cover all modes of p.

We use ResNet to verify our conjecture on various datasets, and the results show that the loss
function of distance metric based on the Renyi-divergence in this paper significantly improves the
ability of acquiring dark knowledge and generalization of the Student-Net. In summary, the
contributions of our work are as follows:

We propose a new loss function in the Student-Net training based on knowledge distillation, based
on the Renyi-divergence distance metric, and then we discusse the difference between it and KL-
divergence, thus proves the superiority of the new method proposed in this work. We analyzed how
to set the loss function to make the performance of the student network closer to or surpass that of
the teacher network, and gave theoretical guarantees.

We will analyze the loss function in the negative feedback process of students' network, and give
a theoretical guarantee.

We propose an algorithm for reasoning a, which will become a general reasoning method. We
have evaluated in deep neural networks and proved that this method can achieve the best results
currently on many existing open source data sets.
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Figure 1. A mixture of two Gaussians q and p, as o changes, the coverage ranges of q and p are
different

The traditional Knowledge Distillation (KD) model uses KL-divergence as a loss function to
narrow the performance gap between the Teacher-Net and the Student-Net by minimizing the KL -
divergence. In Murphy’s work, he found that when KL-divergence fails to fully cover all the
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characteristics of the Teacher-Net, the loss function will mistakenly over-punish the Student-Net.
Therefore, the Student-Net may over-guess the behavior of the Teacher-Net based on the obtained
dark knowledge, which may lead to incorrect predictions of certain results in the Teacher-Net.

In 1985, Amari suggested to replace the basic KL-divergence with a more generalized loss function
based on Renyi-divergence, Specifically, we show that by adaptively controlling o in the proposed
divergence metric, we can punish the bold and conservative predictions of the student network on the
teacher network to encourage the student network to approach the teacher network more accurately.
Meanwhile, in order to avoid Renyi-divergence from being affected by high gradient variance, we
also propose a gradient clipping method to ensure the smooth progress of the training process. We
show that the clipped gradient can still define an effective Renyi-divergence metric, thereby
generating a suitable optimization target for the process of Knowledge Distillation (KD).

2. Related work

2.1 Compression and Acceleration of Network

In the early stage of Artificial Intelligence (Al) development, people just believed that it was
feasible to shrink the model through model compression and acceleration. Later, some scholars

proposed network pruning to pursue a balance between accuracy and efficiency. Han [LKD117] et
al. suggested to experiment in the deep network model. They believe that although the model is
complex, factors with small weights can be discarded. However, this strategy requires relatively high
environmental requirements. Network pruning is divided into weighted pruning, neuron pruning,
connection pruning, filtering pruning, etc., which is to improve the efficiency of reasoning and is
universally applicable to various scenarios. The weight selection of neurons in different application
scenarios will be different. In addition to pruning, quantization, low-rank factorization, low-precision
approximation and knowledge distillation are also popular compression models in recent years.

2.2 Knowledge Distillation

Knowledge distillation (KD) is one of the more mature solutions in knowledge transfer, and it is
widely used. In Knowledge distillation (KD), the knowledge output by the Teacher-Net is defined as
a soft target, also known as dark knowledge. Compared with a one-hot tag, soft targets provide more
information than hard targets, and it reflects the potential connection between layers in the Teacher-
Net. When the network uses one-hot (hard targets), it will lose part of the original data information,
reducing the difficulty of the model to fit the data, making the model easier to fit, so overfitting may
occur, resulting in a decline in the generalization ability of the model. When using soft targets, the
model needs to learn more knowledge, such as the similarity and difference between two close
probabilities, which brings challenges to the model's fitting ability and enhances the model's
generalization ability. And as the entropy of the soft target’s distribution is relatively high, the
knowledge contained in the soft targets is richer.

Formally, the soft target of Teacher-Net (T) can be defined by p = SoftMaxa/t, where a is the logits
vector of Teacher-Net (the activation value before SoftMax), and 7 is the temperature. By increasing ,
by deviating the predicted value from 0 and 1, such inter-class similarity can be preserved. Then, the
student network is trained by softening the combination of SoftMax and the original SoftMax. When
the temperature rises, the weight of dark knowledge (negative label) will also increase, so that we can
learn more dark knowledge instead of making it redundant in the network. In this way, we can allow
a limited network to learn more knowledge for task processing. Higher temperatures will produce
weaker probability distributions across categories. Specifically, when T — oo, all categories have the
same probability.

Subsequent work tried to supplement KD by transferring intermediate features. Recently, Romero
et al. proposed FitNet to compress a wide and shallow network into a narrow and deep network. In
order to learn the hidden features of the teacher network, FitNet allows students to imitate the teacher's
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full feature map. However, this assumption is too strict, because the abilities of teachers and students
may be very different. Under certain circumstances, FitNet may use its poor performance, or even
overfitting. Recently, Zagoruyko et al. [Gre93] proposed to use the attention transfer mechanism (AT)
to relax the assumption on FitNet: the attention map they transfer is the sum of all activations. NST
[RHGS15] a new knowledge transfer method, which was treated as a division matching problem,
matching the distribution of neuron selective patterns between teacher and student networks, and
designed a new KT loss function with minimum Calculate the maximum average difference (mmd)

between these distributions. Yim et al. [LWF20] defined a new type of knowledge, the solution
process flow (FSP) of knowledge transfer, which uses the Gram matrix of two different levels of
features. They claim that this FSP matrix can reflect the problem-solving process of teachers.
However, KD and these recent developments are independent of each other, and combining these
efforts will achieve better results. As discussed later, their work can be regarded as a special case in
our framework.

2.3 Domain Adaptation

Domain adaptation is a concept in transfer learning. In transfer learning, when the data distribution
of the source domain and the target domain are different, but the two tasks are the same, the algorithm
in the source domain is still available. The process from the source domain to the target domain is
called domain adaptation. Since the distribution on the target domain is unknown, the effect of domain
adaptation is related to the difference in the distribution of these two domains. At present, many
similarity measures have been widely used in domain adaptation research, such as JS-divergence and
a-divergence.

3. Our Methods

In this paper, we studied the concept of Renyi-divergence and discussed in detail the relationship
between Renyi-divergence and Knowledge Distillation (KD). In the process of obtaining the Student-
Net by knowledge distillation, we proposed a better objective loss function, that is, adding Renyi-
divergence into the negative feedback of the Student-Net and minimizing it. By minimizing the
distance between the Teacher-Net and Student-Net as the loss function, we can improve the difference
based on different strict levels The Knowledge Distillation (KD) algorithm of the Student-Net.
Compared with the traditional method of using information entropy as the loss function, the setting
of the loss function significantly improves the learning ability and generalization ability of the
Student-Net. We not only use multiple data sets to verify the accuracy of our method, but also
compare the work of this paper with other existing methods, which demonstrated the superiority of
the work of this paper.

3.1 Motivation

In the Knowledge Distillation, the rigor of the student network has not been fully valued-
how the student network views the supervision information provided by the teacher network.
The KL-divergence between the teacher and student models is calculated by
KL(pll ) =E [logp/q], Due to the zero-avoidance feature of KL-divergence, when p > 0, g > 0 must

be satisfied. In contrast, when q > 0, only if under p > 0, it will not be punished. In figure 2, although
the student-Net excessively reasoned about the dark knowledge of the Teacher-Net, and it produced
a false prediction result (Class 4), The value of the objective loss function (KL) is still not large.
When other types of divergence are used, such as the reverse KL-divergence KL(m//n), the above
overestimation in Example 2 will be more penalized. For the reverse KL-divergence, if n = 0 and
m >0, KL(m//n) = Eq[logm/n] is infinite. Therefore, if n =0, we must ensure that m = 0, which is
called zero-forcing property (Murphy, 2012). Therefore, minimizing the reverse KL-divergence
encourages the student model m to avoid the low-probability mode of n, while paying attention to the
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high-probability mode. Therefore, it may underestimate the uncertainty of the teacher model, as
shown in Figure 1, 2.

— e

(a) Example | (b) Example 2
Figure 2. Examples

Therefore, in the process of learning from the student network to the teacher network, there is an
urgent problem that needs to be solved, that is, whether the loss function can be generalized to
suppress the excessive useless reasoning of the student network while improving its ability to make
reasonable guesses through dark knowledge.

The results in Figure 2 give us a new idea to control the boldness of the student-Net’s reasoning.
Firstly, we use the more flexible Renyi-divergence to summarize the typical KL divergence.

Consideringa € (0, 1) U (1, +o0), Renyi-divergence is defined as

1 < a l-a
D (plg)=—"—2_p 4, (1)
a -1 i=1

m

Where q=[qi]i"; and p=[ 2 ]izl are two discrete distributions on j; categories. Renyi-

divergence includes a wide range of classical divergence measures. In particular, the KL-divergence
KL(pll ¢) is the [imit of D, (pll 9) with ¢ — 1, while the 4*-divergence »*(P Q) is the limit of

D, with ¢ 2

A key feature of Renyi-divergence is that we can decide to punish different types of differences
(underestimated or overestimated) by choosing different  values. For example, as shown in Figure
2(c)» when ¢ <(0,1), when q is more widely distributed than p (when q overestimates the

uncertainty in p), D _(pll ¢) is large, when When 4 overestimates the uncertainty in p, D, o is

small and 4 is more concentrated than , (when 4 underestimates the uncertainty in p ). When

a e (l,+o) , the trend is opposite: underestimation will be punished more severely than

overestimation-
To alleviate the problems of overestimation and underestimation at the same time when training

the super network, we consider @, €(0,1) and @, €(1,+), and suggest using D, (pll ¢) and
D, (2l @) in the KD loss function:

D, . (¢l g)=max{D, (¢l 9),D,,(pl 9)} ()
Our KL loss now changes from equation to
80 (10:51.6) = E,_p| D, ., (p(x:0)ll 4(s6,5)) | (3)

We denote this KD strategy that always selects the maximum value of D, and D, for
optimization as Adaptive-KD.
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3.2 Some Properties of Renyi-divergence

When « isin [0,1]u(l,0) D, <o,D, is continuous. For any «a €[0,], there is
D,(Pl ©0)=0

For o >0, ifand only if P=0,D, (Pl 0)=0.
For a=0,ifand only if Q< P,D, (Pl 0)=0.
Forany O<ea <1, there is

D, (Pl 0) =&Dl_a @l P) )

For any « €(0,1), Renyi-divergence is a concave function.

4. Stabilizing a-divergence KD

Usually, a1 and a2 will be set to larger values at the same time to ensure that the Student-Net is
sufficiently penalized when it underestimates or overestimates uncertainty the Teacher-Net. However,
directly using large o to optimize Renyi-divergence is often difficult in actual problems. In Renyi-
divergence, due to its gradient problem, we have the following formula

1 o

v,D,(plg,)=-—E, (ﬁJ V,logg, (5)
a 4y

If a is large, the power term ( r/q, )a may be very important and cause the training process to

be unstable. To enhance training stability, we clamp the maximum value of ( r/q, )a to S, and

obtain

- def 1 . ¢

VoD, (pl g,) =——| Clip, (ﬁj Vylogg, (6)
a 4y

Equation (5) is a simple and effective heuristic approximation of vV, D ( pll %) . It is important to

pay attention to the equation (5). Equal to the exact gradient of the special ¢ divergence between

p and ¢ . Therefore, our update is still equivalent to minimizing effective divergence. Note that the

clipping function Clip beta (.) is only partially differentiable. So naively cut the ( r/q, )"‘ in the

equation(3). It may prevent the gradient from propagating back to the density ratio term, thereby
generating gradients that are not from the effective divergence.

To show that we are still optimizing the effective divergence with Eqn, please note that for the
convex function £ :[0,+00) — R, the divergence of £ between p and ¢4 ) is defined as

D,(pllg,)=E, f{qﬁ)—f(l)} (7)
Its gradient w.r.t. g is )
VoD, (pH qa):_qu Py (ﬁng IOgQQ:| (8)

Where p (1) = £ (Ot— f(t) (Wang et al. (2018)). Note that o -divergence is a special case of
£ -divergence When £(r) =t/ (a(a-1))-
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Proposition 4.1. There exists a convex function f:(0,40) > R such that 69 D, ( pll %) in Eqn
is the exact gradient of Df (p” qe), that is 69Da (p” qg) = Vng (p” qe)

Proof. Let p,(r) = iClipﬁ(Z)“ . We just need to find an  f such that
a

PO =1 (0= f1)=p.(0) )
Taking the derivation on both sides, we get £ ()¢ = p; (¢) - This gives  £"(¢) = p; (t)/¢ andhence

f(t)= H p.(t)/ tdt, where JI denotes second-order antiderivative (or indefinite integral). Because

p.(t) 1s nondecreasing, we have p, (¢)/¢t>0 for ¢>(,and hence f is convex on (0, +o0)-

5. Experiments

We conceived the most complex data set for image classification in ImageNet [13] having approx-
imately 1,2 million trainings and 505 thousand images, each belonging to 1000 categories. ResNets
will also be experimented. The network is trained for 100 epochs and the learning rate begins at 0.1
and begins at every 30th epoch with 0.1 and the batch rate is 256, which is identical to conventional
training without extra education skills. The performance of our ImageNet technique is reported by
Table 1-2. It improves the basic models by 0.6% and absolute gains in Top-1 precision over 1.6%,
which support the benefit of our method on the large-scale dataset.

Table 1. Results on the CIFAR-10 dataset. We report top-1 accuracies (%).

Method KD AT KD+AT alpha=0.1 alpha=0.2 alpha=0.3 alpha=0.4  alpha=0.5 alpha=0.6 alpha=0.7 alpha=0.8 alpha=0.9

acc(%) 94.42 9451 94.75 94.22 94.17 94.26 94.55 94.74 9431 94.44 94.49 9422
40-1-=16- 1 91.92 919 91.79 9191 91.77 91.96 91.98 9233 9226
16-2->16-1 92.85 9245 92.57 92.78 92 83 92.87 92.71 92.53 92.65

Table 2. Results on the CIFAR-100 dataset. We report top-1 accuracies (%)
Method| KD | AT |[KD+AT|alpha=0.1|alpha=0.2|alpha=0.3|alpha=0.4|alpha=0.5|alpha=0.6|alpha=0.7|alpha=0.8|alpha=0.9| alpha=2
acc(%) [74.42[72.82] 74.15 | 74.4 | 73.51 | 74.01 | 74.15 | 7411 | 7411 | 7457 | 7449 | 74.41 | 74.17

6. Conclusion

In this paper, we use the knowledge distillation method to compress the model. A new loss function
is proposed to optimize the performance of the Student-Net, that is, the distance measurement based
on Renyi-divergence, which is a generalization of the KL-divergence loss function. The experimental
results show that, in the process of knowledge distillation, by modifying the value of a based on the
Renyi-divergence based loss function, we realize Student-Net with different degrees of strictness.
The Student-Net with a high degree of rigor will underestimate the uncertainty of the Teacher-Net's
prediction, and vice versa, it will overestimate the uncertainty of the teacher network. We have tested
on many open-source data sets. The experimental results show that compared with the traditional
method based on information entropy, the improvement of this method significantly improves the
learning ability and generalization ability of Student-Net.
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