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A B S T R A C T   

The Aggressive Posterior Retinopathy of Prematurity (AP-ROP) is the major cause of blindness for premature 
infants. The automatic diagnosis method has become an important tool for detecting AP-ROP. However, most 
existing automatic diagnosis methods were with heavy complexity, which hinders the development of the 
detecting devices. Hence, a small network (student network) with a high imitation ability is exactly needed, 
which can mimic a large network (teacher network) with promising diagnostic performance. Also, if the student 
network is too small due to the increasing gap between teacher and student networks, the diagnostic perfor
mance will drop. To tackle the above issues, we propose a novel adversarial learning-based multi-level dense 
knowledge distillation method for detecting AP-ROP. Specifically, the pre-trained teacher network is utilized to 
train multiple intermediate-size networks (i.e., teacher-assistant networks) and one student network by dense 
transmission mode, where the knowledge from all upper-level networks is transmitted to the current lower-level 
network. To ensure that two adjacent networks can distill the abundant knowledge, the adversarial learning 
module is leveraged to enforce the lower-level network to generate the features that are similar to those of the 
upper-level network. Extensive experiments demonstrate that our proposed method can realize the effective 
knowledge distillation from the teacher to student networks. We achieve a promising knowledge distillation 
performance for our private dataset and a public dataset, which can provide a new insight for devising light
weight detecting systems of fundus diseases for practical use.   

1. Introduction 

The Retinopathy of prematurity (ROP) usually exists in premature 
infants, which is the main cause of blindness (Brown et al., 2018). The 
characteristic of ROP is a vessel proliferative disorder of developing 
retinal vessels, which progresses quickly and causes irreversible visual 
impairment if not being intervened and treated in time. As described in 
(Campbell et al., 2020; Hutchinson, 2018), the World Health Organi
zation in 2012 reported that 15 million babies are born premature 
annually, and a considerable number of these premature infants will 
have some physiological dysfunction, including the blindness caused by 
ROP. With the mild or moderate ROP without intervention, Aggressive 

Posterior Retinopathy of Prematurity (AP-ROP) will occur, which is one 
of the most serious types of ROP (Ahn et al., 2017). According to (Sen 
et al., 2020), screening is the primary step for the management of ROP. 
However, different regions or countries have different screening criteria 
and different ophthalmologists may have a subject difference on the 
judgment of ROP. Accurate identification is greatly beneficial for clini
cians to make the corresponding scientific judgment and the choice of 
diagnosis and treatment methods. In particular, the incidence of AP-ROP 
is relatively low and many ophthalmologists have insufficient experi
ence to distinguish the ROP and AP-ROP. An illustration of ROP, AP-ROP 
and normal fundus images is shown in Fig. 1. From Fig. 1, we can 
observe that the appearance and characteristic between ROP and 
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AP-ROP is quite similar. The characteristics of some regular ROP are not 
obvious from the collected images, which are a big obstacle for oph
thalmologists to identify them accurately and quickly. Hence, the 
computer-aided diagnosis becomes particularly important with respect 
to assisting the clinicians to make objective assessment of ROP and 
AP-ROP, which also attracts lots of attention (Campbell et al., 2020b, 
Redd et al., 2019). However, the existing methods are inefficient due to 
the high complexity, which cannot provide ophthalmologists a rapid 
feedback. Clinically, the quick screening is quite importance since it can 
help doctors make a rapid decision on the problematic cases from a large 
number of images to reduce the workload. 

In recent years, deep learning technology has been developed 
rapidly, which leads to the continuous upgrade of computer hardware 
due to the high requirement from deep learning models. In practical 
applications, the deep learning models are usually required to have a 
small size with few parameters due to small storage and high-speed 
processing. Hence, some small models were developed to meet the 
deployment of small devices or mobile devices (such as series of Mobi
leNet (Howard et al., 2019;Howard et al., 2017; Sandler et al., 2018), 
shuffleNet (Ma et al., 2018; Zhang et al., 2018)). However, these small 
models are insufficient to achieve good performance for all tasks due to 
the limited representation of deep high-level features. In order to solve 
this issue, Hinton et al. proposed the concept of knowledge distillation 
(KD) (Hinton et al., 2015), in which the whole deep learning network 
consists of two networks (i.e., teacher network with large size and stu
dent network with small size) and the student network is trained to learn 
the feature representation of teacher network by the constrained con
ditions. Although the existing KD methods have achieved great success 
in transmitting knowledge from teacher network to student network (Ju 
et al., 2021; Wang and Yoon, 2021), the large teacher networks do not 
always achieve good results. 

According to (Mirzadeh et al., 2020), KD methods do not always 
perform well when the gap between the size of teacher network and 
student network is large (e.g., with the large size or capacity of teacher 
network, the small student network has a limited ability to mimic the 
feature representation from teacher network.). To solve this problem, 
the Teacher Assistant Knowledge Distillation (TAKD) framework is first 
proposed in (Mirzadeh et al., 2020), which introduces intermediate 
models as teacher assistant (TA) network to transmit the knowledge of 
teacher network to student network and fill the gap between the teacher 
and student network, where the knowledge of teacher model is distilled 
to TA models and the student model only mimics the TA models. 
Nevertheless, the obtained error from the distillation between 
upper-level and lower-level models will deliver directly all the time, 
which can cause the problem of error avalanche and further the student 
cannot learn the adequate information from the teacher model. To 
improve this shortcoming, inspired from DenseNet (Huang et al., 2017) 
that achieved excellent performance on image classification, Son et al. 
devised a densely guided KD model (Son et al., 2021), which employs 
multiple TA models and makes full use of the learned knowledge at each 
level so that the student can learn all front models instead of only the 
parent-level network. Despite the gained good classification perfor
mance by (Son et al., 2021), the presented model still misses some 
important feature information between a paired of the teacher-student 
network. 

To solve the above issues and challenges, we propose a novel KD 
model, which contains a pair of teacher-student network and multiple 
TA networks. Similar to (Son et al., 2021), the outputs of these sub
networks are integrated via dense connection mode. The difference is 
that our model not only utilizes the output layer of all subnetworks, but 
also the last feature extraction layers of all subnetworks are leveraged to 
align and distillate knowledge from the upper-level network to the 
lower-level network. In particular, the adversarial learning mechanism 
is adopted to enforce the lower-level network to generate the features 
that are close to the features of the upper-level network, thereby real
izing the feature alignment and compensate the information loss in the 
processing of KD from the upper-level network to the lower-level 
network. Extensive experiments demonstrate that our proposed frame
work can effectively guide the student network to learn knowledge from 
teacher and TA models for our private ROP dataset and a public dataset, 
which can ensure the small network to mimic the large network well and 
provide a new insight on the design of computer-aided diagnosis systems 
for detecting fundus diseases using color fundus images. 

Overall, our main contributions are summarized as follows.  

1) We devise a novel KD model based on multi-level dense-transmission 
TAKD networks and adversarial learning mechanism for detecting 
ROP and AP-ROP using color fundus images.  

2) Both features of the last feature extraction layers and output layers 
from upper-level and lower-level networks are densely utilized in the 
processing of information transmission.  

3) The adversarial learning mechanism is adopted to enforce the lower 
network to generate the features that are close to that of the upper- 
level network. To our best knowledge, this is the first framework that 
jointly utilizes the adversarial learning and dense TAKD models. 

2. Related work 

2.1. Automatic screening of ROP 

For premature infants, ROP is a key factor of blindness (Hellström 
et al., 2013). If ROP can be found and treated in the early stage, it will 
greatly reduce the burden of family and society. For ophthalmologists, 
different clinicians may exist subjective differences for the same case 
and there is a general lack of sufficient experience of ophthalmologists 
around the world. Hence, many researchers attempted to study the 
automatic screening system for ROP, and some outstanding models were 
proposed (Campbell et al., 2021; Gupta et al., 2019; Redd et al., 2019). 
For example, Redd et al. presented a deep learning-based system to 
detect plus disease in ROP and a quantitative assessment of vessel 
vascular abnormality on a 1–9 scale is generated (Redd et al., 2019). 
Brown et al. used two convolution neural networks (CNNs) to complete 
the automatic diagnosis of plus disease in ROP, where one CNN employs 
U-Net architecture to realize the segmentation of retinal vessel and the 
other CNN adopted Inception-v1 structure to predict the category of the 
input images (Brown et al., 2018). Taylor et al. exploited a deep algo
rithm to monitor the disease progression with a quantitative severity 
scale for ROP (Taylor et al., 2019). However, these above models are 
difficult to deploy to a small device due to the high complexity. 

Fig. 1. An illustration of regular ROP, AP-ROP and Normal fundus images. The regular ROP images are expressed by slight boundary ridge and demarcation line. The 
appearance of AP-ROP is vasodilation, tortuosity and retinal hemorrhage. 
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2.2. Knowledge distillation 

With the popularity of mobile and portable devices, many deep 
learning-based applications tend to be developed with small size and 
low requirement for devices. This demand leads to the research upsurge 
of model compression (Buciluǎ et al., 2006; Deng et al., 2020), in which 
KD is a main topic (Li et al., 2020b; Wang et al., 2019a; Zhao et al., 2020; 
Zhao et al., 2021). The principle of KD is that the knowledge from 
teacher network with a large size is distilled to a student network with a 
small size to enable the student network to mimic the teacher network so 
that the small network also can realize a stronger feature expression 
capacity than itself. Since the explanation of KD was elaborated by 
(Hinton et al., 2015), plenty of KD models were proposed (Park et al., 
2019; Wang et al., 2018, 2019b; Yao and Sun, 2020). For instance, Park 
et al. proposed a relational KD model, which transfers the relations of 
the outputs structure-wise to individual outputs themselves (Park et al., 
2019). To strengthen the ability of distillation, Yao et al. presented a 
dense cross-layer mutual distillation method to promote knowledge 
representation learning and improve the capacity of transfer knowledge 
(Yao and Sun, 2020). Li et al. proposed a semi-supervised domain 
adaption method to accomplish the segmentation of annotation-efficient 
cardiac data, in which the student network can learn labeled target data, 
unlabeled target and labeled source data from multiple modalities 
simultaneously by the devised dual-teacher model (Li et al., 2020a). In 
addition, proved by (Mirzadeh et al., 2020), the capacity of student 
network will be reduced if the gap of network size between teacher and 
student network. For this reason, teacher-assistant networks (Mirzadeh 
et al., 2020; Son et al., 2021) are used as intermediate-size model to 
reduce the gap between the teacher and student networks. 

2.3. Adversarial learning for KD 

Since generative adversarial networks (GANs) were proposed by 
(Goodfellow et al., 2014), various GANs were devised to solve diverse 
tasks, such as image segmentation (Hu et al., 2020; Wang et al., 2019c), 
synthesis (He et al., 2021; Yang et al., 2019), classification (Tan et al., 
2021; Xie et al., 2020) and domain adaption (Li et al., 2020c; Mahmood 
et al., 2018). In this paper, adversarial learning is adopted to enforce the 
lower-level networks to generate the features that are similar to those of 
the upper-level network. When a KD model transfers knowledge from 
teacher to student network, the loss of feature information is inevitable. 
Hence, some researchers explored the use of adversarial learning 
mechanism to align the feature spaces of teacher and student networks 
(Kundu et al., 2019; Liu et al., 2020; Nguyen-Meidine et al., 2021; Wang 
et al., 2018), for the reason that the adversarial learning strategy can 
enforce the student network to generate the features that are close to 
that of teacher network. For example, Shen et al. proposed an ensemble 
model to distill the knowledge from multiple pre-trained teacher net
works, where the adversarial learning strategy is utilized to align feature 
spaces and guide the student network to recover the knowledge in 
teacher networks (Shen et al., 2019). Zhang et al. utilized adversarial 
learning mechanism to generate extra divergent examples to enhance 
the diversity of the transferred knowledge, and further enrich the pre
dictions of multiple classifiers for the devised co-distillation phase 
(Zhang et al., 2021). 

3. Methodology 

To realize the accurate and quick screening of computer-aided 
diagnosis systems for ROP and AP-ROP, this paper proposes a novel 
KD model based on adversarial learning and multi-level dense- 

Fig. 2. Architecture of the proposed method. The whole framework consists of a paired of teacher-student network and multiple teacher-assistant networks. The 
knowledge of teacher with large size is distillated step by step to a small network and multiple teacher-assistant networks are employed to learn the knowledge from 
teacher network to reduce the big gap between the teacher and student network. To avoid heavy information loss, the output layer of the current network and that of 
all the front networks are computed by KD loss, and the feature of the last feature extraction layer are restrained by L1-norm and L2-norm. Particularly, in order to 
further reduce the feature information loss, the adversarial learning module is adopted to align the feature space between the two adjacent networks. 
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transmission. The whole framework of our proposed method is shown in 
Fig. 2. We will describe each module in detail in the following sections. 

3.1. Principle of KD 

The principle of KD is that the teacher network with a large size 
achieves a good performance using the trained dataset, while the stu
dent network with a small size is trained to mimic the capacity of the 
trained teacher network to obtain promising performance efficiently due 
to the design of fewer parameters. As the first prevalent description in 
(Hinton et al., 2015), the fully-connected layer output and logits (i.e., 
the softmax layer output) are used as the learned knowledge of teacher 
and student networks. Assume that To and So represent the output logits 
of teacher and student networks, respectively. ytr denotes the 
ground-truth label. The KL divergence function is selected as the KD loss, 
which is defined as LKD. The output logits of To and So are computed to 
obtain KD loss, which can be expressed as: 

LKD = T
2KL

(

softmax
(

T0

T

)

, softmax
(

So

T

))

, (1)  

where T is the temperature hyper-parameter to control the softened 
signals produced from the output of teacher and student networks. 
Except for KD loss, the output of student network and the ground-truth 
label ytr is also computed by cross-entropy loss to supervise the gener
ated information, which is defined as: 

LCE = H (softmax(So ), ytr), (2)  

Overall, the final loss function is integrated by a balancing parameter λ, 
which can be written as follows: 

L = (1 − λ)LCE + λLKD, (3)  

3.2. Multi-level dense-transmission KD 

As proved in (Mirzadeh et al., 2020), the big gap between the teacher 
and student network can lead to the student network learn insufficient 
knowledge from teacher network. If we want to design a small enough 
network to meet the requirement of clinical efficiency, there are a big 

Algorithm 1 
Multi-level dense-transmission via KD model.  

Input: ROP data x, ground-truth label ytr, pre-trained teacher network T, pre-trained 
teacher-assistant network TAj, j = 1,2, …, number of teacher-assistant network n, 
student network S, max epoch epoch max. 

Output: the distillated model S 
Define two empty lists:Lfeas and Llogits 

If n ≥ 1 then 
for i = 1 to epoch max do 

feed x into T to obtain the Tfea, To; 
append Tfea , To to Lfeas , Llogits; 
for j = 1 to n do 

feed x into TAj to obtain the TAjfea , TAjo ; 
append TAjfea , TAjo to Lfeas , Llogits; 

end 
feed x into S to obtain Sfea , So; 
for m = 1 to n; 

Pop Lfeas , Llogits from lists Lfeas and Llogits; 
end 
Update S by the equation (5); 

end 
end  

Fig. 3. Structure of our discriminator. FTeac and Fstud represent the features of 
the last feature extraction layer from the teacher and student networks, 
respectively. 

Table 1 
The detailed information of our designed networks based on residual structure in experiments.  

Layer name Output size 18-layer 14-layer 10-layer 8-layer 6-layer 

Conv1 112 × 112 7 × 7, 64, stride=2 
Conv2_x 56 × 56 3 × 3 Max-pooling, stride=2 

(
3 × 3, 64
3 × 3, 64

)

× 3 
(

3 × 3, 64
3 × 3, 64

)

× 2 
(

3 × 3, 64
3 × 3, 64

)

× 1 
(3 × 3, 64) × 2 (3 × 3, 64) × 1 

Conv3_x 28 × 28 
(

3 × 3, 128
3 × 3, 128

)

× 3 
(

3 × 3, 128
3 × 3, 128

)

× 2 
(

3 × 3, 128
3 × 3, 128

)

× 1 
(3 × 3, 128) × 2 (3 × 3, 128) × 1 

Conv4_x 14 × 14 
(

3 × 3, 256
3 × 3, 256

)

× 1 
(

3 × 3, 256
3 × 3, 256

)

× 1 
(

3 × 3, 256
3 × 3, 256

)

× 1 
(3 × 3, 256) × 1 (3 × 3, 256) × 1 

Conv5_x 7 × 7 
(

3 × 3, 512
3 × 3, 512

)

× 1 
(

3 × 3, 512
3 × 3, 512

)

× 1 
(

3 × 3, 512
3 × 3, 512

)

× 1 
(3 × 3, 512) × 1 (3 × 3, 512) × 1 

Pooling 1 × 1 Average-pooling, 7 × 7 
Output 2 or 3 Fully-connected, Softmax, 2 for task 1, 3 for task 2  

Table 2 
The classification performance of different naïve baseline. #Params represents the number of the parameters of the corresponding models, M denotes million and the 
values in brackets indicate variance. (%).  

Model #Params Task 1 Task 2 

Acc Pre Rec F1 Acc Pre Rec F1 

18-layer 11.2M 79.42 (0.04) 79.35 (0.04) 79.31 (0.03) 79.34 (0.03) 72.65 (0.03) 72.27 (0.26) 69.74 (0.18) 71.02 (0.05) 
14-layer 5.3M 76.79 (0.09) 76.75 (0.07) 76.57 (0.11) 76.63 (0.09) 72.17 (0.11) 71.96 (0.19) 69.32 (0.16) 70.69 (0.13) 
10-layer 4.9M 78.75 (0.14) 79.04 (0.21) 78.35 (0.13) 78.68 (0.14) 72.47 (0.01) 73.60 (0.23) 68.98 (0.22) 71.14 (0.04) 
8-layer 1.9M 75.92 (0.02) 75.93 (0.01) 75.64 (0.05) 75.79 (0.02) 70.01 (0.07) 68.90 (0.03) 66.28 (0.24) 67.60 (0.09) 
6-layer 1.7M 76.05 (0.31) 76.50 (0.08) 75.57 (0.55) 76.00 (0.22) 69.86 (0.08) 70.37 (0.28) 66.16 (0.23) 68.13 (0.07)  
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gap between the network and the teacher network, which will cause the 
learning ability to be greatly reduced. Hence, the prediction perfor
mance is undesired. To solve this issue, multiple teacher-assistant net
works are utilized in (Mirzadeh et al., 2020; Son et al., 2021) as the 
intermediated-size networks to transfer the knowledge from teacher 
network to student network. Inspired by this idea, we propose a 
multi-level dense-transmission KD model. In this model, the ResNet-34 
model being pre-trained on ImageNet dataset is chosen as the teacher 
network to train our ROP data and obtain the trained ResNet-34 model, 
which can be distilled to the teacher-assistant and student networks. As 
shown in Fig. 2, the current network can distill knowledge from all the 
front networks via the dense transmission mode. The mathematical 
definition can be described as follows. 

We define the teacher-assistant networks as TAi, i = 1, 2,… between 
the teacher network T and student network S, and the losses are denoted 
as LTAi . Thus, the loss of student network can be expressed as: 

LS = LT→S + LTAi→S, (4)  

where the symbol → represents the distillation flow from the upper-level 
network. As shown in Fig. 2, the output features of the last feature layer 
of each network are also utilized to constrain the teacher-assistant and 
student networks by L1-norm and L2-norm. The features of the upper- 
level and lower-level network are indicated as fup and flow, respec
tively. So the loss of feature constraint can be defined as L1 = |fup − flow|

1 

and L2=‖fup − flow‖
2. After integrating the losses according to Eq. (3), the 

total loss for student network can be summarized as below. 

Ls = (1 − λ)
∑n

i=1

(
LCET→S + LCETAi→S

)

+ λ
∑n

i=1

(
LKDT→S + LKDTAi→S +L1T→S + L1TAi→S +L2T→S + L2TAi→S

)
, (5) 

Table 3 
The classification performance of different distillation methods without considering TA-KD models. #Params represents the number of the parameters of the corre
sponding models, M denotes million and black arrow → represents the direct distillation (%).  

Method #Params Task 1 Task 2 

Acc Pre Rec F1 Acc Pre Rec F1 

Teacher (ResNet-34) 21.3M 98.62 (0.004) 98.66 (0.003) 98.58 (0.005) 98.62 (0.004) 96.15 (0.01) 95.45 (0.01) 95.22 (0.03) 95.30 (0.01) 
T34→S18 11.2M 97.91 (0.02) 97.94 (0.01) 97.86 (0.02) 97.91 (0.02) 95.88 (0.02) 95.21 (0.02) 94.99 (0.09) 95.10 (0.04) 
T34→S14 5.3M 97.21 (0.06) 97.32 (0.08) 97.11 (0.06) 97.21 (0.07) 94.91 (0.03) 94.31 (0.02) 94.21 (0.14) 94.24 (0.03) 
T34→S10 4.9M 96.43 (0.04) 96.51 (0.03) 96.34 (0.04) 96.37 (0.03) 93.46 (0.02) 92.61 (0.09) 92.01 (0.08) 92.25 (0.03) 
T34→S8 1.9M 96.30 (0.16) 96.39 (0.11) 96.19 (0.20) 96.20 (0.09) 92.62 (0.03) 91.92 (0.03) 91.73 (0.11) 91.86 (0.03) 
T34→S6 1.7M 94.24 (0.07) 94.28 (0.06) 94.16 (0.07) 94.15 (0.05) 92.34 (0.57) 91.43 (0.87) 91.04 (3.39) 91.21 (0.67)  

Table 4 
The detection performance of different distillation paths with TA-KD models. Red arrow represents the distillation with TA-KD models (%).  

Method Task 1 Task 2 

Acc Pre Rec F1 Acc Pre Rec F1 

Teacher (ResNet-34) 98.62 (0.004) 98.66 (0.003) 98.58 (0.005) 98.62 (0.004) 96.15 (0.01) 95.45 (0.01) 95.22 (0.03) 95.30 (0.01) 
T34  

TA18 

97.91 (0.02) 97.94 (0.01) 97.86 (0.02) 97.91 (0.02) 95.88 (0.02) 95.21 (0.02) 94.99 (0.09) 95.10 (0.04) 

T34  

TA18  

TA14 

97.23 (0.01) 97.30 (0.02) 97.15 (0.01) 97.21 (0.01) 95.72 (0.01) 95.01 (0.06) 95.04 (0.01) 95.02 (0.01) 

T34  

TA18  

TA14  

TA10 

96.83 (0.03) 96.97 (0.02) 96.71 (0.04) 96.83 (0.03) 95.23 (0.01) 94.67 (0.01) 94.43 (0.02) 94.55 (0.01) 

T34  

TA18  

TA14  

TA10  

TA8 

96.46 (0.03) 96.60 (0.02) 96.34 (0.03) 96.45 (0.02) 94.70 (0.05) 94.40 (0.37) 93.42 (0.30) 93.79 (0.02) 

T34  

TA18  

TA14  

TA10  

TA8  

S6   

94.67 (0.19) 94.86 (0.22) 94.57 (0.20) 94.64 (0.17) 93.60 (0.01) 91.73 (0.05) 93.41 (0.10) 92.55 (0.02)  
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Finally, the multi-level dense-transmission based KD flow can be sum
marized in Algorithm 1. 

3.3. Adversarial learning for KD 

In this paper, the adversarial learning mechanism is applied to the 
features of the last feature extraction layer from each network, which 
enforces the teacher-assistant or student network to generate the 

features that are close to the teacher network so that the feature infor
mation loss can be further reduced in the processing of distillation. As 
shown in Fig. 2, the discriminator is employed to distinguish the 
generated features whether are obtained from the upper-level network 
between two adjacent networks. 

The used discriminator employs two convolution layers with the 
kernel size being set as 1, an adaptive average pooling layer, a fully- 
connected layer and a sigmoid layer. The structure of our proposed 

Table 5 
The detection performance of different distillation paths with multi-level dense-transmission KD. Green arrow represents the multi-level dense-transmission KD (%).  

Method Task 1 Task 2 

Acc Pre Rec F1 Acc Pre Rec F1 

Teacher (ResNet-34) 98.62 (0.004) 98.66 (0.003) 98.58 (0.005) 98.62 (0.004) 96.15 (0.01) 95.45 (0.01) 95.22 (0.03) 95.30 (0.01) 
T34  

TA18 

97.91 (0.02) 97.94 (0.01) 97.86 (0.02) 97.91 (0.02) 95.88 (0.02) 95.21 (0.02) 94.99 (0.09) 95.10 (0.04) 

T34  

TA18  

TA14 

97.54 (0.03) 97.62 (0.02) 97.46 (0.04) 97.57 (0.02) 95.82 (0.03) 95.23 (0.07) 94.83 (0.06) 95.09 (0.02) 

T34  

TA18  

TA14  

TA10 

97.02 (0.01) 97.16 (0.01) 96.90 (0.02) 97.02 (0.02) 95.75 (0.01) 95.21 (0.02) 94.62 (0.01) 94.91 (0.01) 

T34  

TA18  

TA14  

TA10  

TA8 

96.65 (0.01) 96.72 (0.01) 96.57 (0.01) 96.64 (0.01) 95.48 (0.04) 94.67 (0.08) 94.80 (0.03) 94.68 (0.03) 

T34  

TA18  

TA14  

TA10  

TA8  

S6   

95.69 (0.01) 95.79 (0.01) 95.58 (0.01) 95.70 (0.01) 94.70 (0.01) 93.37 (0.08) 94.12 (0.03) 93.77 (0.01)  

Fig. 4. The t-SNE visualization results of different distillation paths of the three distillation strategies for task 1 and task 2. From top to down: three distillation 
strategies without TA models, TA models and the proposed method. From left to right: distillation paths of 14-layer, 10-layer, 8-layer and 6-layer residual modules 
being chosen as student network. 
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discriminator is shown in Fig. 3. We define the j-level discriminator as 
Dj. The two adjacent networks are denoted as Netj and Netj+1, respec
tively, where Netjis considered as the teacher network and Netj+1 indi
cate the student network to be trained. Thus, the adversarial loss 
function can be expressed as: 

Ladv = Ex∼p(Netj)logDj(x) + Ex∼p(Netj+1)log
(
1 − Dj(x)

)
. (6)  

Note that our discriminators are only adopted between two adjacent 
networks and the dense connection strategy is not applied to the dis
criminators. 

4. Experiments 

4.1. Materials and experimental setup 

The used ROP dataset is captured by RetCam3 from a Shenzhen Eye 
hospital and the time span of the collection is from 2009 to 2018. This 
dataset consists of 13,508 color fundus images, which is labeled by three 
professional ophthalmologists. We abandon the images that the oph
thalmologists hold different views and the images with poor quality. 
Eventually, we obtain 12,095 images for our experiments, which contain 
1698 AP-ROP, 3898 regular ROP and 6499 normal fundus images. In the 
experiments, we utilize the 5-fold cross validation to obtain the results. 
In addition, we select the trained parameters of the model whose results 
are closest to the mean value as teacher or teacher-assistant network. 
Particularly, we utilize this dataset for two tasks, one is for detecting the 
ROP and normal fundus images (i.e., binary classification task) and the 
other one is for classifying AP-ROP and ROP from normal fundus images 
(i.e., three-class classification task). All the fundus images are resized to 
224 × 224 as the input of all used models. 

The Pytorch library is employed to train and test all the used models. 
One NVIDIA TITAN XP GPU is leveraged to accelerate the speed of 
training and testing. The Adam with the betas = (0.9, 0.997), eps = 10− 8 

is chosen as the optimizer for student network. The discriminators 
employ the SGD as the optimizer with a momentum of 0.9 and weight 
decay of 5 × 10− 5. The initial learning rates of student and discriminator 
networks are set to 0.001, which are multiplied by 0.1 every 30 and 20 
epochs, respectively. The max epoch is set to 120 and the size of the 
mini-batch is set to 32. We employ accuracy (Acc), Precision (Pre), 
Recall (Rec), and F1-score (F1) as the evaluation metrics. 

4.2. Experimental results 

In our experiments, there are two tasks to be accomplished: detection 
of ROP and normal images for task 1, classification of AP-ROP, regular 
ROP and normal images for task 2. The task 1 can assist the clinicians to 
make a preliminary screening quickly. To further judge the severity of 
ROP the patients suffer from, the task 2 can help the clinicians to make a 
decision on the category of ROP so that the most appropriate treatment 
can be implemented in time. We mainly employ the residual structure to 
build the small networks. According to the number of residual struc
tures, we design the networks of 18, 14, 10, 8, and 6 layers, in which the 
smallest model with 6 layers is selected as the student network and other 
networks are considered as teacher-assistant models. The detailed 
structure information can be found in Table 1. 

On the basis of the devised network architectures, we first implement 
the naïve baseline to show the ability of extracting features without 
knowledge distillation. The experimental results are reported in Table 2. 

From Table 2, we can see that the obtained results by the devised 
naïve network are not good. For the reason that these networks do not 
use pre-training parameters of large-scale dataset, which causes that 
these networks learn insufficient features. In order to resolve this issue, 
the KD algorithm is a good solution, which can distillate the knowledge 
from the large network with the pre-trained parameters on ImageNet to 
small network. By this way, the classification performance can be 

Table 6 
The comparative results between without and with adversarial learning for task 
1 (%).   

Distillation 
paths 

Acc Pre Rec F1 

No 
Discriminator 

T34  

TA18 

97.45 
(0.04) 

97.56 
(0.03) 

97.35 
(0.05) 

97.48 
(0.04) 

TA18  

TA14 

97.29 
(0.04) 

97.39 
(0.03) 

97.20 
(0.05) 

97.25 
(0.03) 

TA14  

TA10 

96.35 
(0.02) 

96.47 
(0.02) 

96.23 
(0.02) 

96.31 
(0.01) 

TA10  

TA8 

95.07 
(0.03) 

95.14 
(0.01) 

94.97 
(0.05) 

95.06 
(0.03) 

TA8  

S6 

93.47 
(0.01) 

93.49 
(0.01) 

93.36 
(0.01) 

93.42 
(0.01) 

Discriminator T34  

TA18 

97.91 
(0.02) 

97.94 
(0.01) 

97.86 
(0.02) 

97.91 
(0.02) 

TA18  

TA14 

97.54 
(0.03) 

97.62 
(0.02) 

97.46 
(0.04) 

97.57 
(0.02) 

TA14  

TA10 

97.02 
(0.01) 

97.16 
(0.01) 

96.90 
(0.02) 

97.02 
(0.02) 

TA10  

TA8 

96.11 
(0.10) 

96.26 
(0.06) 

95.99 
(0.13) 

96.10 
(0.10) 

TA8  

S6   

95.69 
(0.01) 

95.79 
(0.01) 

95.58 
(0.01) 

95.70 
(0.01)  

Table 7 
The comparative results between without and with adversarial learning for task 
2 (%).   

Distillation 
paths 

Acc Pre Rec F1 

No 
Discriminator 

T34  

TA18 

95.52 
(0.01) 

94.98 
(0.08) 

94.84 
(0.03) 

94.89 
(0.04) 

TA18  

TA14 

95.44 
(0.01) 

94.39 
(0.04) 

94.69 
(0.02) 

94.52 
(0.01) 

TA14  

TA10 

95.32 
(0.02) 

94.73 
(0.06) 

94.52 
(0.06) 

94.66 
(0.05) 

TA10  

TA8 

92.97 
(0.01) 

92.08 
(0.12) 

91.76 
(0.03) 

91.95 
(0.02) 

TA8  

S6 

88.99 
(0.01) 

86.87 
(0.04) 

87.58 
(0.10) 

87.26 
(0.01) 

Discriminator T34  

TA18 

95.88 
(0.02) 

95.21 
(0.02) 

94.99 
(0.09) 

95.10 
(0.04) 

TA18  

TA14 

95.82 
(0.03) 

95.23 
(0.07) 

94.83 
(0.06) 

95.09 
(0.02) 

TA14  

TA10 

95.75 
(0.01) 

95.21 
(0.02) 

94.62 
(0.01) 

94.91 
(0.01) 

TA10  

TA8 

95.48 
(0.04) 

94.67 
(0.08) 

94.80 
(0.03) 

94.68 
(0.03) 

TA8  

S6   

94.70 
(0.01) 

93.37 
(0.08) 

94.12 
(0.03) 

93.77 
(0.01)  
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boosted. 
According to the experimental setting, the ResNet-34 model in (He 

et al., 2016) being pre-trained on ImageNet is selected as the teacher 
network and the TAi (i is set as 18, 14, 10, 8 in our experiments) in
dicates the teacher-assistant models. However, in order to show the 
effectiveness of the devised model, we first use these teacher-assistant 
models as the student networks to conduct experiments, namely, Si (i =
18, 14, 10, 8, 6) represent the student network that are utilized to 
distill knowledge from the teacher network directly. The detection 
performance of different distillation networks for task 1 is reported in 
Table 3, we can see that the obtained distillation results are quite good 
due to the devised adversarial learning module and loss function, which 
will be verified in the following ablation experiments. By comparing 
Tables 2 and 3, we can see that the classification performance has been 
greatly improved. For example, the accuracy of the task 1 and task 2 
increase 18.19% and 22.48% for the 6-layer residual network, respec
tively. These improved results benefit by the teacher network 
(ResNet-34) using the pre-training parameters of ImageNet dataset and 
the usage of KD between teacher and student networks. 

When the network size is shrunken by nearly 11 times, the accuracy 
is decreased by 4.38% and 3.81% for task 1 and task 2, respectively. In 
addition, as the size of the student network becomes smaller, the per
formance of the prediction becomes weaker, which verifies the view in 
(Mirzadeh et al., 2020) that the larger the gap between the teacher and 
student networks, the worse the obtained distillation performance. To 
illustrate the addition of TA models can compensate the reduction of 
performance caused by the gap between the teacher and student net
works, we conduct a group of experiments using TA models as the 
intermediated-size models to distillate knowledge from teacher network 
to student network. The results are reported in Table 4, where TAi (i =
18, 14, 10, 8) represent the corresponding size of the teacher-assistant 
network. The number of parameters is the same as that of Table 3, for 
the reason that only student network is trained, teacher and TA models 
provide the features of the last feature extraction layer and the output 
logits. From Table 4, we can see that all the evaluation metrics are 
improved with the design of the TA models between teacher and student 

networks, which proves the conclusion in (Mirzadeh et al., 2020) that 
the intermediate-size TA models can distillate knowledge from teacher 
to student network more efficient than only using teacher-student ar
chitecture. The classification can be further enhanced for both task 1 and 
task 2 due to the decreased gap with the use of TA models.  

To demonstrate the effectiveness of our proposed Algorithm 1, we 
conduct a group of experiments with different teacher-assistant net
works using the dense connection of the features from the last feature 
extraction layer and the output logits. The experimental results are re
ported in Table 5. We can see that all results are improved with the 
design of multi-level dense transmission KD when compared with the 
results obtained by only a single path (i.e., distillation knowledge from 
teacher network to student network directly with the use of TA models) 
that are shown in Table 4. For example, the accuracy of the path 
‘T34 TA18 TA14 TA10 TA8 S6’ is 1.0% higher than that of the path 
‘T34 TA18 TA14 TA10 TA8 S6’ for task 1 and there is also more 
than a percentage point increasing with respect to accuracy for task 2, 
which demonstrate that KD with TA models and adversarial learning 
modules by multi-dense transmission can reduce the loss of feature in
formation and boost the overall classification performance. 

Also, we conduct t-SNE visualization to compare the learned features 
by the used three distillation strategies, as shown in Fig. 4. The results 
are only from four paths, where the distillation paths of 14-layer, 10- 
layer, 8-layer and 6-layer residual modules are chosen as student net
works. Since the above four paths can satisfy the condition of the multi- 
level dense-transmission KD mechanism. We can observe that compared 
with the first two rows, the last row can better separate different classes 
and cluster the same class. 

4.3. Ablation studies 

4.3.1. Adversarial learning 
As the main contribution, the discriminator is an important module 

for boosting the performance of the baseline network, and further 
enhancing all the distillation paths. Hence, we conduct a comparative 
experiment without the integration of a discriminator to prove the 

Fig. 5. The Grad-CAM visualization results of different distillation paths without and with the proposed discriminator. From left to right: distillation path of 
T34 TA18, TA18 TA14, TA14 TA10, TA10 TA8, TA8 S6. The first two rows represent the results of the comparison group for AP-ROP and the last two rows 
indicate the results of the comparison group for regular ROP, where the areas framed by white lines represent the lesion region. 
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Table 8 
The comparative results of ablation experiments on different loss function from different distillation strategies for task 1 and task 2. Black arrow → means the direct 
distillation paths without TA models, red arrow indicates the distillation paths with TA models and green arrow represents the multi-level dense-transmission KD 
(%).  

Ladv LKD L1 L2 Distillation 
Strategies 

Task 1 Task 2 

Acc Pre Rec F1 Acc Pre Rec F1  

√ √ √ T34→S6 92.41 
(0.07) 

92.75 
(0.02) 

92.17 
(0.12) 

92.42 
(0.04) 

86.92 
(0.02) 

85.27 
(0.07) 

85.03 
(0.14) 

85.22 
(0.01) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

92.82 
(0.11) 

92.91 
(0.08) 

92.72 
(0.15) 

92.87 
(0.05) 

88.42 
(0.05) 

86.36 
(0.12) 

86.82 
(0.10) 

86.55 
(0.03) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

93.47 
(0.01) 

93.49 
(0.01) 

93.36 
(0.01) 

93.42 
(0.01) 

88.99 
(0.01) 

86.87 
(0.04) 

87.58 
(0.10) 

87.26 
(0.01) 

√  √ √ T34→S6 92.74 
(0.02) 

92.90 
(0.01) 

92.57 
(0.03) 

92.73 
(0.02) 

89.44 
(0.02) 

88.08 
(0.02) 

88.75 
(0.07) 

88.44 
(0.02) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

95.19 
(0.05) 

95.47 
(0.03) 

94.99 
(0.06) 

95.20 
(0.02) 

91.39 
(0.01) 

90.49 
(0.01) 

90.07 
(0.04) 

90.29 
(0.01) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

95.62 
(0.08) 

95.81 
(0.03) 

95.47 
(0.11) 

95.62 
(0.05) 

93.31 
(0.01) 

92.43 
(0.11) 

91.55 
(0.15) 

92.06 
(0.02) 

√ √  √ T34→S6 93.11 
(0.02) 

93.20 
(0.01) 

92.98 
(0.03) 

93.10 
(0.01) 

87.72 
(0.03) 

86.85 
(0.13) 

85.10 
(0.08) 

85.98 
(0.05) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

94.53 
(0.33) 

94.85 
(0.16) 

94.32 
(0.42) 

94.61 
(0.23) 

87.87 
(0.01) 

86.22 
(0.01) 

85.38 
(0.02) 

85.79 
(0.01) 

T34  

TA18  

TA14  

TA10  

TA8 

95.08 
(0.08) 

95.30 
(0.04) 

94.91 
(0.10) 

95.08 
(0.05) 

93.62 
(0.03) 

92.91 
(0.09) 

92.67 
(0.05) 

92.72 
(0.02) 

(continued on next page) 
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effectiveness of the adversarial learning mechanism for our multi-level 
network. The results of task 1 and task 2 are shown in Tables 6 and 7, 
respectively. In addition, we only display the results of the two adjacent 
networks, for the reason that the adversarial learning module is only 
adopted for the two adjacent networks. 

From Tables 6 and 7, we can see that the results of most distillation 
paths without adversarial learning module are more than 0.5% less than 
that of the corresponding distillation paths with adversarial learning 
module. For example, the Acc, Pre, Rec and F1 of distillation path 
TA14 TA10 without the devised discriminator are 0.67%, 0.69%, 
0.67%, 0.71% lower than that of distillation path TA14 TA10 with the 
proposed discriminator for task 1, respectively. For the distillation path 
TA10 TA8 for task 2, the Acc, Pre, Rec and F1 are reduced by 2.51%, 
2.59%, 3.04% and 2.73% due to the absence of the discriminator. In 
particular, for the student network with 6-layer residual modules, the 
performance degradation is even worse than other teacher-assistant 
networks with the deletion of the designed discriminator. For 
instance, the accuracy of the distillation path TA8 S6 without 
discriminator is decreased by 5.71% compared with the path with 

discriminator for task 2. These results demonstrate that the adversarial 
learning module can effectively align the learned feature of the shallow 
network to the adjacent deep network and reduce the information loss 
during the distillation from the teacher network to the student network, 
especially for the large gap between the teacher and student networks. 

To illustrate the good feature learning ability of shallow networks 
with the addition of the discriminator, we conduct the Grad-CAM 
visualization with the class activation maps (CAM) with the learned 
features from the last feature extraction layer for shallow networks. The 
Grad-CAM visualization results are shown in Fig. 5. By observing the 
comparison results, we can discover that our proposed model with 
discriminator can better learn the disease-specific features than the 
model without discriminator. For example, for distillation path 
T34→TA18, the teacher-assistant network can learn more information 
from teacher network when compared with other distillation paths for 
AP-ROP and regular ROP. In particular, the network with discriminator 
can learn finer feature than the network without discriminator. How
ever, with the reduction of network size, the feature imitation ability of 
small-scale networks is weakening, and the learned information related 

Table 8 (continued ) 

Ladv LKD L1 L2 Distillation 
Strategies 

Task 1 Task 2 

Acc Pre Rec F1 Acc Pre Rec F1  

S6 

√ √ √  T34→S6 81.55 
(0.03) 

81.53 
(0.02) 

81.41 
(0.06) 

81.43 
(0.03) 

75.13 
(0.02) 

74.30 
(0.11) 

71.29 
(0.21) 

72.75 
(0.03) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

91.54 
(0.08) 

91.76 
(0.14) 

91.37 
(0.09) 

91.54 
(0.08) 

86.54 
(0.03) 

83.82 
(0.35) 

85.97 
(0.97) 

84.93 
(0.15) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

92.30 
(0.03) 

92.39 
(0.04) 

92.17 
(0.02) 

92.27 
(0.03) 

88.38 
(0.03) 

86.30 
(0.10) 

87.86 
(0.05) 

86.97 
(0.02) 

√ √ √ √ T34→S6 94.24 
(0.07) 

94.28 
(0.06) 

94.16 
(0.07) 

94.15 
(0.05) 

92.34 
(0.57) 

91.43 
(0.87) 

91.04 
(3.39) 

91.21 
(0.67) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

94.67 
(0.19) 

94.86 
(0.22) 

94.57 
(0.20) 

94.64 
(0.17) 

93.60 
(0.01) 

91.73 
(0.05) 

93.41 
(0.10) 

92.55 
(0.02) 

T34  

TA18  

TA14  

TA10  

TA8  

S6   

95.69 
(0.01) 

95.79 
(0.01) 

95.58 
(0.01) 

95.70 
(0.01) 

94.70 
(0.01) 

93.37 
(0.08) 

94.12 
(0.03) 

93.77 
(0.01)  
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to disease types is also decreasing. Despite this, compared with the 
network without discriminator, the network with discriminator can 
learn more useful information. For instance, TA8 S6 (the last column in 
Fig. 5), there are some of the lesion features being not learned by 
employing the proposed model without adversarial learning module for 
AP-ROP and regular ROP. This phenomenon is even worse for the 
selected regular ROP fundus image, for the reason that the lesion 
characteristics of this fundus image is fuzzy and the contrast is quite low 
so that the student network cannot learn adequate features and generate 
the accurate features as the extracted feature by teacher network 
without the proposed discriminator. 

4.3.2. Loss function 
As described in Section 3, multiple loss functions are employed to 

optimize the training processing. In order to illustrate the effectiveness 
of the used loss functions with respect to boosting the performance, we 
conduct several ablation experiments by using the student network with 
the 6-layer residual structure. The experimental results are reported in 
Table 8, where the symbol ‘√’ indicates this loss function is adopted in 
the training stage and the definition of distillation strategies is the same 
as that of Tables 3, 4, and 5. 

As shown in Table 8, compared with the proposed method in which 
all the loss functions are adopted in the training stage, all classification 
results of task 1 and task 2 are reduced when one of these loss functions 
are removed for the compared three distillation strategies, especially for 
the deletion of adversarial loss and MSE loss. For example, for distilla
tion path T34→S6, the accuracy of the model without MSE loss function 
is reduced by more than 10% than the model with MSE loss function for 
task 1 and task 2. However, the difference of accuracy is reduced greatly 
with the devised multi-level dense-transmission KD for task 1 and task 2 
with respect to whether the MSE loss function is employed or not (i.e., 
the difference accuracy of task1 and task 2 is 3.39% and 6.32%, 
respectively). In addition, we can observe that the performance of the 
TA models is better than that of the models without using TA models as 
intermediate-size models and the performance of the multi-level dense- 
transmission KD model is better than those models using TA models. It 
demonstrates that the gap between teacher and student networks exists. 
The proposed multi-level dense-transmission KD model can effectively 
alleviate the information loss in the process of KD caused by the large 
gap between teacher and student networks. 

5. Discussion 

5.1. Validation 

In this section, we conduct a series of experiments on a public dataset 
to verify the effectiveness of the proposed model. The public dataset is 
collected from multiple medical centers, called DDR, which is used to 
implement the tasks of diabetic retinopathy (DR) grading, lesion seg
mentation and object detection. According to the description of (Li et al., 
2019), the DDR contains 13,673 color fundus images from 9598 patients 

Table 9 
The results on validation set of DDR dataset using three different distillation 
strategies. Black arrow → means the direct distillation paths without TA models, 
red arrow indicates the distillation paths with TA models and green arrow 
represents the multi-level dense-transmission KD (%).  

Distillation strategies Distillation 
paths 

OA AA Kappa F1 

Direct distillation Teacher 
(ResNet-34) 

84.08 66.03 75.43 63.81 

T34→S18 83.64 68.96 74.50 63.40 
T34→S14 82.36 63.94 72.52 61.43 
T34→S10 81.74 65.70 71.30 60.36 
T34→S8 79.66 65.08 67.80 59.06 
T34→S6 77.97 57.45 65.65 54.44 

Distillation with TA 
models 

Teacher 
(ResNet-34) 

84.08 66.03 75.43 63.81 

T34  

TA18 

83.64 68.96 74.50 63.40 

T34  

TA18  

TA14 

82.91 67.45 73.23 61.76 

T34  

TA18  

TA14  

TA10 

82.29 67.46 72.28 62.33 

T34  

TA18  

TA14  

TA10  

TA8 

80.53 66.83 69.29 64.91 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

78.56 62.65 66.79 59.22 

Multi-level dense 
distillation with 
adversarial learning 

Teacher 
(ResNet-34) 

84.08 66.03 75.43 63.81 

T34  

TA18 

83.64 68.96 74.50 63.40 

T34  

TA18  

TA14 

83.35 65.16 74.07 62.15 

T34  

TA18  

TA14  

TA10 

82.84 66.58 73.24 62.28 

T34  

TA18  

TA14  

TA10  

TA8 

81.30 62.69 70.71 58.91  

Table 9 (continued ) 

Distillation strategies Distillation 
paths 

OA AA Kappa F1 

T34  

TA18  

TA14  

TA10  

TA8  

S6   

80.28 65.29 69.49 61.10  
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by 147 medical centers. Also, the collected images are captured by 42 
type of fundus cameras with 45◦FOV. Hence, these conditions of the 
original images bring the great challenge for the DR recognition. In our 
experiments, we only conduct experiments on DDR dataset in terms of 
the task of DR grading to prove the effectiveness of the design of the 
proposed model. In (Li et al., 2019), the grading of DR is defined as six 
classes: no DR, mild DR, moderate DR, severe DR, proliferative DR, and 
ungradable. For the partition of DDR dataset, we keep the same settings 
as (Li et al., 2019), i.e., 50% for training, 20% for validation, 30% for 
testing. Thus, the training, validation and testing dataset contains 6835, 
2733, 4105 images, respectively. For the experimental settings, all im
ages are resized to 224 × 224, the batch size is set as 32. In the pro
cessing of training, the input images are augmented by color 
augmentation, random flipping and rotation. As described in (Li et al., 
2019), the results on validation and testing are both reported for DR 
grading. Therefore, as the verification dataset, we choose the results on 
validation dataset to verify the effectiveness of the proposed distillation 
strategy. The experimental results are reported in Table 9. In (Li et al., 
2019), the overall accuracy (OA), average accuracy (AA), Kappa are 
selected as the evaluation metrics. In addition to the above metrics, we 
add the F1-score (F1) to evaluate the proposed distillation strategies. 

As reported in (Li et al., 2019), the presented model achieved 
82.84%, 62.66% and 74.38% of OA, AA and Kappa, respectively. 
Nevertheless, we utilize the ResNet-34 model being pre-trained Image
Net dataset as the Teacher network to train the DDR dataset and obtain 
84.08%, 66.03%, 75.43% and 63.81% of OA, AA, Kappa, and F1 
respectively. We analyze the reason that the used data augmentation 
methods that consist of color augmentation, random flipping and 
random rotation can improve the classification performance. From 
Table 9, we can also see that the distillation strategy of direct distillation 
misses a large amount of information when the knowledge is distillated 
from T34 to S6, in which the OA and Kappa decrease by 6.11% and 
9.78%, respectively. By observing the distillation path 
T34 TA18 TA14 TA10 TA8 S6, the OA, AA, Kappa and F1 increase 
0.59%, 5.2%, 1.14% and 4.78% with the distillation strategy of the 
addition of TA models, respectively. The results demonstrate that the TA 
models can boost the classification by reducing the loss of information, 
which also verifies the idea of (Mirzadeh et al., 2020). When the 
distillation strategy is switched to the multi-level dense distillation with 
adversarial learning, the classification performance is further improved. 
Through the distillation path of T34 TA18 TA14 TA10 TA8 S6, we 
can see that the metrics of OA, AA, Kappa and F1 increase 2.31%, 7.84%, 
3.84% and 6.66%, respectively compared with the distillation path of 
T34→S6, and the metrics of OA, AA, Kappa and F1 increase 1.72%, 
2.64%, 2.7% and 1.88%, respectively compared with the distillation 
path of T34 TA18 TA14 TA10 TA8 S6. 

To order to intuitively show the improvement of the proposed 
distillation strategy for different classes, we plot the confusion 
matrices with respect to the distillation path T34→S6, 
T34 TA18 TA14 TA10 TA8 S6 and T34 TA18 TA14 TA10 

TA8 S6, as shown in Fig. 6. 
By observing the confusion matrices, the distillation strategy with TA 

models can greatly improve the accuracy of the classes of Severe and 
Proliferative so that the overall classification can be boosted. When 
using the strategy of multi-level dense distillation with adversarial 
learning, besides the classes of Severe and Proliferative, the classes of 
Moderate and Ungradable are also improved. Thereby, these results 
verify the effectiveness of the proposed distillation strategy. 

5.2. The influence of batch-size 

The different batch-size will affect the overall classification perfor
mance. Hence, we implement a pair of experiments to select the 
appropriate batch-size by setting different batch-sizes. The experimental 
results are reported in Table 10. In these comparative experiments, the 
results of the distillation paths of T34→S6, 
T34 TA18 TA14 TA10 TA8 S6 and T34 TA18 TA14 TA10 

TA8 S6 are utilized to prove the feasibility of the used batch-size in 
this paper. In Table 10, when the batch-size is set to 16 or 64, the overall 
performance is lower than that of the batch-size being set to 32. For 
example, for distillation path T34 TA18 TA14 TA10 TA8 S6, the 
accuracy of the batch-size=32 is 1.41%, 0.05% higher than that of the 
batch-size=64 for task1 and task2, respectively. Hence, in our experi
ments, we set the batch-size as 32. 

5.3. Limitation and future work 

Although our devised teacher-student model can effectively transmit 
the knowledge of teacher network to student network and is better than 
the student network with a small size, which achieves a promising 
performance for detecting AP-ROP, there are some prediction failure 
examples, as shown in Fig. 7. From Fig. 7, we can observe that there exist 
some images with non-discriminatory characteristics, which leads to the 
false classification. For example, the images of the first two columns of 
the first row are considered as the regular ROP as the characteristics in 
these two images are similar to that of the regular ROP. Through the 
second row, we can see that the categories of AP-ROP and Normal are 
with the feature of regular ROP, which causes these images being 
erroneously classified to the type of regular ROP. In addition, we pick 
100 images from the private ROP dataset that contains regular ROP, AP- 
ROP and Normal class, and visit three ophthalmologists to discriminate 
these images. As a result, the average accuracy of the three classes is 

Fig. 6. The confusion matrices of the distillation paths of T34→S6 (a), T34 TA18 TA14 TA10 TA8 S6 (b), T34 TA18 TA14 TA10 TA8 S6 (c).  
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Table 10 
The results of different batch-size. Black arrow → means the direct distillation paths without TA models, red arrow indicates the distillation paths with TA models 
and green arrow represents the multi-level dense-transmission KD  (%).  

Batch-size Distillation Strategies Task 1 Task 2 

Acc Pre Rec F1 Acc Pre Rec F1 

16 T34→S6 93.75 (0.03) 93.81 (0.03) 93.69 (0.04) 93.71 (0.02) 91.76 (0.04) 91.43 (0.11) 90.26 (0.88) 90.84 (0.11) 
T34  

TA18  

TA14  

TA10  

TA8  

S6 

94.21 (0.05) 94.27 (0.04) 94.11 (0.07) 94.23 (0.04) 93.53 (0.06) 93.45 (0.52) 91.93 (0.44) 92.84 (0.10) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

95.24 (0.02) 95.52 (0.01) 95.05 (0.03) 95.29 (0.01) 94.64 (0.02) 94.06 (0.02) 93.38 (0.06) 93.70 (0.02) 

32 T34→S6 94.24 (0.07) 94.28 (0.06) 94.16 (0.07) 94.15 (0.05) 92.34 (0.57) 91.43 (0.87) 91.04 (3.39) 91.21 (0.67) 
T34  

TA18  

TA14  

TA10  

TA8  

S6 

94.67 (0.19) 94.86 (0.22) 94.57 (0.20) 94.64 (0.17) 93.60 (0.01) 91.73 (0.05) 93.41 (0.10) 92.55 (0.02) 

T34  

TA18  

TA14  

TA10  

TA8  

S6 

95.69 (0.01) 95.79 (0.01) 95.58 (0.01) 95.70 (0.01) 94.70 (0.01) 93.37 (0.08) 94.12 (0.03) 93.77 (0.01) 

64 T34→S6 93.48 (0.04) 93.61 (0.03) 93.35 (0.06) 93.48 (0.04) 91.92 (0.01) 91.38 (0.26) 90.56 (0.18) 91.04 (0.01) 
T34  

TA18  

TA14  

TA10  

TA8  

S6 

94.15 (0.12) 94.48 (0.06) 93.93 (0.15) 94.24 (0.07) 93.47 (0.02) 92.10 (0.25) 92.82 (0.09) 92.37 (0.02) 

T34  

TA18  

TA14  

TA10  

TA8  

S6   

94.28 (0.17) 94.60 (0.08) 94.05 (0.22) 94.33 (0.14) 94.65 (0.03) 94.06 (0.02) 93.45 (0.12) 93.73 (0.03)  
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almost 85%, which is lower than 94.70% of the proposed method. The 
results demonstrate that our method has not only achieved satisfactory 
objective results, but also has a faster speed than doctors. However, 
there are still some limitations in this paper. For example, in order to 

extract discriminative features, we adopt multiple residual structures to 
build the TAKD models and student network, which causes the param
eters still a little more than the plain network with a few layers. The 
teacher network only uses the ResNet-34 model to distillate knowledge 

Fig. 7. Failure examples by the proposed distillation strategy. 0, 1, 2 represent the class of AP-ROP, regular ROP and Normal, respectively.  

Fig. 8. Confusion matrixes of the used three distillation strategies in our experiments, where the 6-layer residual structure is selected as the student network. The 
upper and lower rows indicate the results of task 1 and task 2, respectively. 
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to shallow networks, which results in the limited performance of the 
teacher network. In addition, the data from just one center used to train 
and test the proposed method is limited. To address the above- 
mentioned limitations, we will make the following efforts in future 
work. First, some plain networks with smaller size should be devised to 
achieve more efficient distillation. Second, multiple teachers with 
excellent performance should be integrated to improve the detection 
performance of shallow networks. Thirdly, we will collect the data from 
multiple centers and explore the characteristics of different center data 
to enhance the generalization of our proposed method. 

6. Conclusions 

In this paper, we propose an adversarial learning-based multi-level 
dense-transmission KD model to avoid the information loss in the pro
cess of KD due to the large gap between teacher and student networks. 
Specifically, the ResNet-34 model being pre-trained on ImageNet data
set is utilized to train ROP data so that the trained teacher network can 
be obtained. The residual structures with different sizes are employed as 
the intermediate-size TA models and the network with a 6-layer residual 
structure is used as the student network to mimic the feature extraction 
capability of the teacher network. In particular, the multi-level dense- 
transmission KD mechanism is devised to reduce the feature loss in the 
process of KD by densely transmitting the learned feature information 
from the upper-level network to the low-level network so that the gap 
between the teacher and student networks can be compensated and the 
feature information loss can be alleviated. In addition, the adversarial 
learning module is applied to the adjacent networks to guide the shallow 
network to generate the features close to the features from the deep 
network. Hence, the feature information loss can be further reduced. 
Extensive experimental results demonstrate that the devised student 
network can mimic the teacher network well with the design of the 
multi-level dense-transmission KD and adversarial learning modules. 
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Appendix. Confusion Matrix 

To show the superiority of the proposed model intuitively, we plot a 
comparative confusion matrix of the three distillation strategies in Ta
bles 3, 4, and 5, where the 6-layer residual structure is chosen as the 

student network. In order to show the results clearly, we define the 
distillation strategy in Tables 3, 4, and 5 as Strategy 1, Strategy 2 and 
Strategy 3, respectively, as shown in Fig. 8. We can observe clearly that 
compared with the direct distillation models and TA models, the pro
posed method achieves obvious improvement for task 1 and task 2. The 
experimental results demonstrate that the multi-level dense-trans
mission KD mode can continuously use the knowledge from previous 
networks in the process of distillation, which can effectively avoid the 
information loss and ensure that the student can learn enough knowl
edge from the teacher network so that the classification performance can 
be boosted. 
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