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Abstract
Haemorrhage

Diabetic retinopathy (DR) is the leading cause of permanent blindness in the working-age population. And automatic DR diagnosis can assist ophthalmologists to design
tailored treatments for patients, including DR grading and
lesion discovery. However, most of existing methods treat
DR grading and lesion discovery as two independent tasks,
which require lesion annotations as a learning guidance
and limits the actual deployment. To alleviate this problem,
we propose a novel lesion-aware transformer (LAT) for DR
grading and lesion discovery jointly in a unified deep model
via an encoder-decoder structure including a pixel relation
based encoder and a lesion filter based decoder. The proposed LAT enjoys several merits. First, to the best of our
knowledge, this is the first work to formulate lesion discovery as a weakly supervised lesion localization problem via
a transformer decoder. Second, to learn lesion filters well
with only image-level labels, we design two effective mechanisms including lesion region importance and lesion region
diversity for identifying diverse lesion regions. Extensive
experimental results on three challenging benchmarks including Messidor-1, Messidor-2 and EyePACS demonstrate
that the proposed LAT performs favorably against state-ofthe-art DR grading and lesion discovery methods.

1. Introduction
Diabetic retinopathy (DR) is one of the most severe complications of blood vessel damage triggered by diabetes,
which can lead to vision impairment and even irreversible
blindness [13, 6, 25]. Usually, as shown in Figure 1 (a),
ophthalmologists identify DR severity based on the type
and number of associated lesion symptoms, such as microaneurysms, haemorrhages, soft exudates and hard exudates
[46, 22]. According to the international protocol [17, 35],
the severity of DR can be divided into five grades, including
normal, mild, moderate, severe non-proliferative, and proliferative. These five grades can also be fused into binary
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Figure 1: (a) A sample fundus image with different lesions
is annotated. The arrows indicate the main DR-related lesions, among which the yellow, red and blue arrows represent haemorrhages, microaneurysms and exudates, respectively. (b) The lesion regions marked by the green bounding
box in (a) are zoomed in, and we can observe that pixel appearances of the same lesion region tend to be similar. (c)
Our model can achieve DR grading and lesion discovery
jointly by using only the severity level labels.
classification, i.e. no DR (normal) versus DR (abnormal), or
non-referable (normal and mild DR) versus referable (moderate and worse DR) [17, 34, 41].
Recently, with the development of deep learning, rapid
and automatic DR diagnostic models have been proposed
based on pixel-level supervision [46], or patch-level supervision [41, 23, 40]. However, their flexibility and scalability
are limited in the actual deployment because the annotation
of fundus images requires manual labeling by experienced
domain experts [22, 27, 32]. In addition, the identification
of lesion regions in fundus images is also very important,
since it provides visual instructions for ophthalmologists to
assist their diagnosis [12, 26, 30]. However, most existing
methods treat DR grading and lesion discovery as two independent tasks, and they both require lesion annotations
as a guide for learning. To overcome these issues, in [34],
a weakly supervised learning model based on DR severity
grades has been proposed for simultaneously grading DR
and highlighting lesion regions. Unfortunately, it tends to
be biased on the most important lesion regions while ignoring trivial lesion information contained in the fundus
images, which may impair the performance of lesion location. Furthermore, the less discriminating regions found at
a certain severity level may be important for other severi-
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ty grades. Therefore, it is desirable to design an effective
model to obtain more complete lesion regions and their importance for DR grading.
Based on the above discussions, to achieve accurate DR
grading and complete lesion discovery simultaneously, we
need to consider the following three aspects. (1) As shown
in Figure 1 (a), the distribution of lesion areas contained in
fundus images is usually relatively sparse. Besides, the appearance of pixels in the same lesion region is similar, but is
different from the background pixels, as shown in Figure 1
(b). Therefore, it is necessary to model the correlation between pixels for robust feature learning. (2) The importance
of different lesion regions in each image should be considered. The observation is that not all lesion information is
beneficial to a particular DR severity level, and even some
lesion information is noise signal. Therefore, we should evaluate and adaptively fuse the contribution of each lesion
region. (3) As shown in Figure 1 (a), each fundus image
may contain multiple different lesions. Moreover, even fundus images of the same severity grade may contain inconsistencies in the type and number of lesions. Thus, it is desirable to make the lesion-aware features diverse, namely,
capturing the corresponding lesion features from as many
lesion regions as possible. Besides, since each region indicates a specific type of lesion or a combination of different
lesions, the compactness of the lesion features should also
be considered. In other words, the lesion features obtained
from the same lesion filter are encouraged to approach each
other to form a more compact distribution. In this way, each
lesion region can suggest more explicit lesion semantics and
different regions are combined to form a complete lesion
discovery, as shown in Figure 1 (c).
Motivated by the above observations, we propose a novel lesion-aware transformer (LAT) for DR prediction and
lesion discovery in a unified deep model via an encoderdecoder structure including a pixel relation based encoder
and a lesion filter based decoder. In the pixel relation
based encoder, we propose a self-attention mechanism to
adapt to pixel appearance variations. In specific, we model
the correlation of pixels to capture full-image context information. In other words, it is to realize the aggregation
of lesion pixels with similar appearances and the suppression of cluttered background pixels. In the lesion filter
based decoder, we design a self-attention module and a
cross-attention module to learn lesion-aware filters for lesion discovery in a given dataset. In the self-attention module, we model the interactions between lesion filters to increase their discrepancies. In the cross-attention module,
given an input fundus image, we treat the pixels of feature
map as keys and values. And we store each lesion filter as a
query, then the corresponding region activation map based
on the similarity between a specific query and keys can be
obtained. Each lesion region activation map denotes the s-

patial distribution of one specific lesion. With the region activation map, we can get the lesion-aware features by adaptively blending values. Without the specific lesion information as supervision signals, it is difficult to learn the lesion
filters well. Therefore, to learn lesion filters well with only
the severity level labels, we design two mechanisms including a lesion region importance learning mechanism and a
lesion region diversity learning mechanism to constrain the
lesion-aware features. For the importance learning mechanism, we introduce an importance prediction module to evaluate and adaptively fuse the contribution of each lesion
region. For the diversity learning mechanism, we adopt a
triplet loss based on the hard negative mining strategy to
achieve the diversity and compactness of the lesion-aware
features simultaneously. Then, based on the lesion-aware
features, we add a classification module containing a global
consistency constraint loss for DR grading. By optimizing
the encoder-decoder structure and the classification module
jointly, the lesion-aware filters can be learned through the
whole dataset during training. As a result, we can achieve
DR prediction and lesion discovery in a unified deep model.
To sum up, the contributions of this work can be summarized as follows: (1) We propose a novel lesion-aware
transformer (LAT) to achieve DR grading and lesion discovery jointly in a unified deep model via an encoder-decoder
structure including a pixel relation based encoder and a lesion filter based decoder. (2) To the best of our knowledge, this is the first work to formulate lesion discovery
as a weakly supervised lesion localization problem via a
transformer decoder. To learn lesion filters well with only image-level labels, we design two effective mechanisms including lesion region importance and lesion region diversity. (3) Extensive experimental results on three challenging benchmarks including Messidor-1, Messidor-2 and
EyePACS demonstrate that the proposed LAT performs favorably against state-of-the-art DR grading methods.

2. Related Work
In this section, we briefly overview methods that are related to diabetic retinopathy assessment, weakly supervised
object localization and attention-based transformers.
Diabetic Retinopathy Assessment. Early methods on automatic diabetic retinopathy assessment involve two tasks
including DR grading and lesion discovery. For lesion discovery, in order to assist ophthalmologists to make accurate diagnosis, a series of approaches based on pixel-level
[12, 38, 8, 26] or patch-level annotation [29, 30] have been
proposed. Recently, deep features have become popular for
DR grading [18, 14, 36, 22]. Unlike handcrafted features,
deep features are more discriminative. Generally, existing
DR grading methods can be divided into two main categories. The first category is to use lesion information to
assist DR classification [3, 23]. In specific, Antal and Balin-
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t [3] detect microaneurysms and predict the DR severity
level based on the presence or absence of microaneurysms. In [23], Lin et al. extract lesion information with the
original image for DR grading. The second category only uses image-level supervision for DR grading [22, 14].
In [22], Li et al. present a novel attention network for DR
prediction by exploring the internal relationship with diabetic macular edema. However, the above methods treat
DR grading and lesion discovery as two independent tasks.
In order to alleviate this limitation, several methods [40, 46]
have been proposed to achieve two tasks simultaneously. In
specific, Yang et al. [40] propose a two-stage framework
for both lesion detection and DR grading by using the lesion annotations. In [46], a collaborative learning mechanism is proposed for both lesion segmentation and DR grading. Although the above methods have achieved remarkable
progress, most of them require pixel-level or patch-level lesion annotations, which is time-consuming and laborious.
Recently, Wang et al. [34] adopt attention maps to highlight the suspicious regions and predict DR grading based
on both suspicious patches and the fundus image. However,
this method may tend to the most important lesion regions
and impair the performance of lesion discovery. Different
from previous methods, here, we formulate lesion discovery as a weakly supervised lesion localization problem via
a transformer decoder. To learn lesion filters well with only image-level labels, we design two effective mechanisms
including lesion region importance and lesion region diversity.
Weakly Supervised Object Localization. Weakly Supervised Object Localization (WSOL) aims to infer object positions and categories simultaneously with only image-level
labels. In order to achieve this goal, Zhou et al. [45] utilize
the Class Activation Mapping (CAM) to implement both
object classification and localization. Later, Grad-CAM
[28] and CCAM [39] have been proposed to obtain more robust localization performance. The inherent intuition inside
the CAM-based methods is that the classification networks
have the ability for mining the discriminative object regions. Unfortunately, a common issue for these methods is that
they tend to focus on the most discriminative object regions
which results in poor localization performance. To mitigate
this issue, several methods [7, 42, 37, 24] explore objects
context information to expand the most discriminative region to the entire object. Motivated by the above methods
for WSOL, we formulate lesion discovery as a weakly supervised lesion localization problem. To achieve this goal,
we design a novel lesion-aware transformer by considering
lesion importance and lesion diversity for lesion filter learning with only image-level labels.
Attention-based Transformers. Since Vaswani et al. [31]
have proposed the attention-based transformer, it has been
widely applied in machine translation [15, 16], speech

recognition [5], word representation learning [11] and object detection [4, 43, 47]. Transformer models introduce
multi-head attention layers, similar to Non-Local Neural
Networks [33], which can scan through each element of
a sequence and updated it by aggregating global information from the whole sequence. Our model applies the idea
of transformer to learn the lesion-aware filters through the
encoder-decoder structure, so that we can discover as many
lesions as possible and predict the final severity level at the
same time.

3. Lesion-Aware Transformer Network
In this section, we describe the details of LAT for DR
prediction and lesion discovery in a unified deep model via an encoder-decoder structure including a pixel relation
based encoder and a lesion filter based decoder.

3.1. Overview
In DR grading, given a fundus image I, let F ∈
RH×W ×D denote the feature map extracted from a backbone network (e.g. ResNet50 [19]), where H, W and D
denote the height, width and channel number of the feature map, respectively. And each image is associated with
a ground truth label z ∈ RC , where C represents the number of severity grades. During testing, given an image, the
outputs are a predicted DR severity level ỹ and the corresponding lesion activation map. As illustrated in Figure 2,
the proposed LAT includes a pixel relation based encoder
and a lesion filter based decoder. The pixel relation encoder
is designed to adapt to pixel appearance variations by modeling the correlation of pixels, and the lesion filter based
decoder is proposed to learn lesion-aware filters for lesion
discovery.

3.2. Pixel Relation based Encoder
To capture the full-image context information, we model
the correlation of pixels and aim to generate the enhanced
feature map to adapt to pixel appearance variations by using
a self-attention mechanism. In specific, we first utilize a
convolution layer to reduce the channel dimension of the
feature map to a smaller dimension L, and then flatten the
spatial dimensions into one dimension to produce the new
feature map F ∈ RHW ×L . Then, for the n-th head, we
obtain the queries, keys and values based on the feature map
F, denoted as Qn , Kn , Vn ∈ RHW ×L/8 .
Qn = FWnQ , Kn = FWnK , Vn = FWnV ,

(1)

where n = 1, 2, . . . , N , and N is the number of heads in the
multi-head attention mechanism. In this work, N is set to
8. WnQ , WnK , WnV ∈ RL×L/8 are linear projections. Then,
we calculate the attention weight Sn ∈ RHW ×HW , which
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Figure 2: The architecture of our LAT including an encoder-decoder structure and the classification module. By optimizing
the encoder-decoder structure and the classification module jointly, the lesion-aware filters can be learned to identify diverse
lesion regions for DR grading and lesion discovery. Please refer to the Supplementary Material for details on self-attention,
cross-attention and feed-forward network (FFN).
models the interdependencies between different pixels,
!
Q n KT
n
,
(2)
Sn = softmax p
L/8
p
where L/8 is a scaling factor. With the attention weight
Sn , we can get the output of the head Hn ∈ RHW ×L/8 by
adaptively blending values,
Hn = S n V n .

(3)

We concatenate all single head outputs {Hn }N
n=1 along
the channel dimension and obtain the final output H ∈
RHW ×L through a projection matrix WO ∈ RL×L ,
H = [H1 ; H2 ; . . . ; HN ] WO .

(4)

The final output H can be further fed into the feed-forward
network (FFN) containing two fully connected layers to
produce the enhanced feature map F̃ ∈ RHW ×L . Through
the self-attention operation, the pixels of the lesion region
with similar appearance can be gathered, which also means the better suppression of the messy background pixels
caused by under/overexposure and out-of-focus problems.

3.3. Lesion Filter based Decoder
In order to identify different lesion regions, we design
the lesion filter based decoder to learn lesion-aware filters.
We first learn a set of lesion-aware filters P = {pk }K
k=1 ,
and each filter pk is represented as a L-dimension vector
to recognize whether the pixels in the image belong to this
lesion region. Then, we use a self-attention mechanism
to further incorporate context information from other filters to increase their discrepancies. The implementation
is similar to Section 3.2 and only use {pk }K
k=1 to replace
F ∈ RHW ×L as the input. In this module, the output is

the updated lesion-aware filters P̃ = {p̃k }K
k=1 . Then we
propose a cross-attention mechanism to obtain lesion-aware
activation maps M ∈ RH×W ×K . Specifically, we denote
lesion-filters {p̃k }K
k=1 as queries, the enhanced feature map
F̃ ∈ RHW ×L as keys and values. Formally,
Qn = P̃WnQ ,

Kn = F̃WnK ,

Vn = F̃WnV ,

(5)

where WnQ , WnK , WnV ∈ RL×L/8 are linear projections,
and n = 1, 2, . . . , N . Then we have
!
Q n KT
n
Sn = softmax p
,
(6)
L/8
p
where L/8 is a scaling factor, and Sn denotes similarities
of the n-th head between the enhanced feature map F̃ and
the enhanced lesion-aware filters P̃. Then, the lesion-aware
activation map M can be calculated as
1 XN
Sn ,
(7)
M=
n=1
N

where N is the number of heads, M = {Mk }K
k=1 denotes a
set of lesion-aware activation maps, and the Mk ∈ RH×W
corresponds to the k-th lesion-aware activation map. Each
lesion region activation map denotes the spatial distribution
of one specific lesion, that is to say, the activation map has
high response values at the pixels belonging to the corresponding lesion. After obtaining the similarities Sn , we can
calculate the multi-head attention output H according to (3)
and (4). Then it is fed to the feed-forward network (FFN)
to obtain a set of lesion-aware features X = {xk }K
k=1 .
Without the specific lesion information as supervision
signals, it is difficult to learn the lesion filters well. Therefore, to learn lesion filters well with only the severity level
labels, we design two mechanisms to constrain the lesionaware features, the details are as follows.
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where k = 1, 2, . . . , K and m = 1, 2, . . . , T . The final DR
prediction ỹm ∈ RC can be calculated by a weighted sum
operation as follows
XK
k
ỹm =
tkm · ym
.
(12)

Lesion Region Importance Learning Mechanism. Considering that not all lesion information is beneficial to a
particular DR level, we should evaluate and incorporate
the contribution of each lesion region. In specific, we design an importance prediction module g(·|φ), parameterized
by φ, to evaluate the importance for lesion-aware features
k K
{xk }K
k=1 and generate importance weights {t }k=1 . The
prediction module g(·|φ) is a linear layer followed by a sigmoid operation to output probabilities between 0 and 1.
tk = g(pk |φ),

k=1

The classification loss is given by the cross entropy loss between ground truth labels {zm }Tm=1 and the predicted labels ỹm :
1 XT XC
c
c
zm
· log ỹm
. (13)
Lcls (zm , ỹm ) = −
m=1
c=1
T
Besides, for the m-th image, assume that the ground truth
label zm corresponding to the c-th category, the overall lesion feature ocm ∈ RL is calculated by a weighted sum strategy with importance weights. Here, the importance weights
k K
{tk }K
k=1 are also rewritten as {tm }k=1 for the m-th image.
XK
ocm =
tkm · xkm .
(14)

(8)

Lesion Region Diversity Learning Mechanism. Meanwhile, we adopt a triplet loss [44] based on the hard negative
mining strategy [20] to simultaneously achieve the diversity
and the compactness of the lesion-aware features. The introduced triplet loss is based on a mini-batch of T images.
Therefore, we rewrite the lesion-aware features {xk }K
k=1
as {xkm }K
k=1 , where m = 1, 2, . . . , T . The triplet loss is
trained on a series of triplets, and each triplet consists of
an anchor with the label k, a positive lesion feature with the
same label and a negative lesion feature with different label.
By treating the xkm as the anchor, the hardest positive pair
and negative pair distances are defined as follows
d+ (m, k) = min
q

d− (m, k) = max
z,n

hxkm , xkq i
k xkm k2 k xkq k2

k=1

Then, the local center of a particular category c in a minibatch can be calculated as
1 XTc
(15)
ocm ,
oc =
m=1
Tc

,

hxkm , xzn i
,
k
k xm k2 k xzn k2

(9)

where q 6= m, z 6= k. q, n = 1, 2, . . . , T and z = 1, 2, . . . , K.
The triplet loss function is adopted to reduce the distances of the hardest positive pairs and increase the distances of the hardest negative pairs.
Ltri =

K
T X
X

[d+ (m, k) − d− (m, k) + α]+ .

(10)

m=1 k=1

Where α is the margin between positive and negative pairs,
and [b]+ = max(b, 0). In this way, each lesion region can
suggest more explicit lesion semantics and different regions
are combined to form a complete lesion discovery.

3.4. DR Grading
For DR grading, we add a classification module, which
contains a global consistency loss based on the lesionaware features. In specific, lesion part-aware features
{xkm }K
k=1 are fed to generate the DR severity level predick K
k
tion {ym
}k=1 . ym
∈ RC is corresponding to the k-th grade
prediction in the m-th image by the classification module,
which consists of K fully connected layers and the k-th layer is denoted as h(·|σ k ), parameterized by σ k .
k
ym
= h(xkm |σ k ),

(11)

where Tc represents the number of fundus images for c-th
in a minibatch. Meanwhile, we maintain a randomly initialc
L
ized memory bank {bc }C
c=1 , and b ∈ R can be represented as the c-th class center. The memory bank will update with moving average. Specifically, bc = (1 − ηtc )bc +
c
ηtc oc , where ηtc = e−t is the updating rate of the class
c, and tc counts the number of category c in previous minibatches. Then, we introduce the global consistency loss to
align the local center oc with the corresponding global class
center by
1 XC
Lgcl =
kbc − oc k2 .
(16)
c=1
C
We can alleviate problems such as Grades 0 and 1 that are difficult to distinguish by pushing class-specific local centers
in each minibatch approaching their corresponding global
centers, thereby improving DR grading performance.

3.5. Joint Training and Inference
By optimizing the encoder-decoder structure and the
classification module jointly, the lesion-aware filters can be
learned through the whole dataset during training. As a result, our LAT is trained by minimizing the overall objective
as follows
Lf inal = Lcls + λtri Ltri + λgcl Lgcl .

(17)

Where λtri and λgcl are balance parameters. During the
testing stage, for each fundus image, we can get fused activation map A ∈ RH×W as
Xfollows,
K
A=
tk M k .
(18)
k=1
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4. Experiments
4.1. Datasets and Evaluation Metrics
We conduct experiments on three benchmarks including
Messidor-1 [10], Messidor-2 [21] and EyePACS [1].
Messidor-1 dataset [10] contains 1,200 fundus images
from three French hospitals. However, their grading scale
only has four grades, which is slightly different from the
five-level international protocol [17, 35]. Therefore, we
implement referral classification and normal classification.
For referral classification, Grade 0 and Grade 1 are marked
as non-referable, while Grade 2 and Grade 3 are considered referable. For normal classification, only Grade 0 is
assigned as normal, and other grades are regarded as abnormal. Following the protocol in previous methods [22, 34],
we use 10-fold cross validation on the entire dataset.
Messidor-2 dataset [10, 2, 21] is an extension of the original Messidor-1 dataset, which contains 1,748 fundus images, and each image is divided into one of five DR grades.
Since there is no published method to compare on this
dataset, we mainly adopt it to implement ablation studies to
measure the effectiveness of each module of our proposed
LAT by calculating Referral AUC and Kappa score.
EyePACS dataset [1, 9] contains 35,126 training images,
10,906 validation images and 42,670 testing images. The
grading protocol is the same as the Messidor-2 dataset, with
five DR categories. For this dataset, we train the model with
the training set and evaluate the performance with the validation set and testing set respectively.
Evaluation Metrics. For the five DR categories, we use the
quadratic weighted kappa metric [1], which can effectively reflect the performance of the model on the unbalanced
dataset. The value of kappa varies between 0 and 1, with
higher values indicating better model performance. And for
the referral or normal classification, we evaluate by using
the AUC (area under the ROC curve) metric.

4.2. Implementation Details
In this work, we use ResNet50 [19] as our backbone network for feature extraction by removing the global average
pooling (GAP) layer and fully connected layer. The fundus images are resized to 512 × 512 and augmented with
random horizontal flips, vertical flips and random cropping.
Extra color jitter is adopted to reduce overfitting. There are
two kinds of modules in our network including the importance prediction module g(·|φ) and the classification module h(·|σ). The importance prediction module g(·|φ) consists of a shared fully connected layer with 1 output channel
followed by a sigmoid operation. The classification module h(·|σ) contains K fully connected layers with C output
channels. Empirically, the weight λtri for the triplet loss
and the λgcl for the global consistency loss are set to 0.04
and 0.01 respectively.

Table 1: Performance comparison with state-of-the-art
methods on the Messidor-1 dataset.
Referral Normal
Methods
Annotations
AUC
AUC
VNXK [32]
0.887
0.870
0.891
0.862
CKML [32]
0.910
0.876
Comp. CAD [27]
Expert A [27]
0.940
0.922
0.920
0.865
Expert B [27]
0.957
0.921
Zoom-in-Net [34]
AFN [23]
patch
0.968
pixel
0.976
0.943
Semi+Adv [46]
0.963
CANet [22]
LAT (ours)
0.987
0.963

4.3. Comparisons with State-of-the-art Methods
DR Grading Performance. We compare the proposed
method with various recent DR grading methods including
VNXK [32], CKML [32], Comprehensive CAD [27], Expert A [27], Expert B [27], Zoom-in-Net [34], AFN [23],
Semi+Adv [46], and CANet [22]. Table 1 shows the comparison of our model with state-of-the-art methods on the
Messidor-1 dataset, where ‘Annotations’ denotes whether
additional lesion information is used as pixel-level or patchlevel supervision signals to assist DR grading. According
to these results, we can observe that our LAT outperforms all baseline methods by a large margin for referral classification and normal classification, even if some methods
[23, 46] use additional lesion information to promote DR
classification. Compared to the state-of-the-art method Semi+Adv [46], LAT using only image-level labels surpasses it by 2% on the Normal AUC metric. This is because
most methods cannot effectively distinguish between Grade
0 and Grade 1, which degrades Normal AUC score. Our
LAT can effectively alleviate this problem by forcing Grade
0 and Grade 1 to be close to the corresponding global center through the global consistency loss, which increases the
discriminability. Besides, we can find that LAT obtains 3%
Referral AUC and 4.2% Normal AUC gain over Zoom-inNet [34], which uses the severity level label to implement
DR grading and lesion discovery like ours. This can be attributed to the fact that our encoder-decoder architecture can
find diverse lesion regions and adaptively fuse corresponding lesion features for comprehensive DR grading. Moreover, clinical experts [27] are also invited to grade on the
Messidor-1 dataset. It is worth mentioning that our method
outperforms the experts by 4.7% and 4.1% on the AUC of
referral and normal settings, respectively.
As shown in Table 2, we also experiment on the EyePACS dataset to test the advancements of our proposed approach. The fundus images collected from this dataset are
captured by different types of cameras, so the quality of im-
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Ground-truth

CAM

LAT

Diverse Region Activation Maps

Figure 3: Visualization comparison with CAM [45]. Our method can identify diverse lesion regions through different filters,
and adaptively fuse these regions to produce a more complete and accurate activation map. The ground-truth contains
microaneurysms, haemorrhages, soft exudates and hard exudates, annotated with green, yellow, green and blue respectively.
Table 2: Performance comparisons of DR grading with
state-of-the-art methods on the EyePACS dataset.
Val set Test set
Methods
Kappa Kappa
Min-pooling [1]
0.860
0.849
0.854
0.844
oO
Reformed Gamblers 0.851
0.839
0.865
0.854
Zoom-in-Net [34]
0.871
0.859
AFN [23]
0.872
Semi+Adv [46]
LAT (ours)
0.893
0.884
ages is relatively low which contains some noises like under/overexposure and out-of-focus problem. Among them,
Kappa values of the top three places from the Kaggle challenge [1] are shown, where the top-1 place can achieve
84.9% Kappa score. And our LAT reports 89.3% and 88.4%
Kappa on the validation set and the testing set respectively, and sets a new state-of-the-art performance. Besides,
LAT obtains 1.2% performance gain over the recent Semi+Adv [46] on the validation set. The results show that
our method can adapt to pixel appearance variations by using a self-attention mechanism. In other words, the pixels of
the lesion region with similar appearance can be gathered,
and the noisy background pixels caused by overexposure or
underexposure can be suppressed.
Lesion Discovery Performance. To demonstrate the
power of LAT for lesion discovery, we compare it with
CAM [45], and its backbone is also set as ResNet50 [19]

Ground-truth

CAM

LAT-

LAT

Figure 4: The qualitative comparisons for lesion discovery.
for a fair comparison. As illustrating in Figure 3, we visualize the different region activation maps generated from
different lesion filters for qualitative evaluation. We can
observe that different lesion filters can successfully identify multiple regions such as microaneurysms, haemorrhages
and exudates. This is because that we explicitly model a
set of lesion filters and learn them based on the encoderdecoder structure to focus on different lesions, which greatly improves the performance of lesion discovery. Unlike our
method, CAM [45] and Zoom-in-Net [34] do not constrain
the obtained attention map for more lesion information, so
the network usually only focuses on the most important lesion region for DR grading. Please refer to the Supplementary Material for more visualization results and analysis.
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AUC
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0.821
0.813
0.839
0.842
0.851

4.4. Ablation Studies
To look deeper into our method, we perform a series
of ablation studies using ResNet50 as the backbone on the
Messidor-2 dataset. Results and analysis are as follows.
Effectiveness of the lesion region diversity mechanism for lesion discovery. To evaluate the improvement for
the region diversity mechanism, we compare two baselines
with our final proposed model, including CAM [45] and our
method without diversity mechanism (LAT-). Figure 4 illustrates qualitative comparisons for lesion discovery. We can
observe that CAM only focuses on the most important lesion region, and LAT- performs better than CAM. This is
because the self-attention mechanism in the decoder can incorporate contextual information from other lesion filters to
increase their discrepancies. Our method can achieve the
best performance for lesion discovery, because the diversity mechanism can further explicitly constrain the lesion
features and enable the different filters to find their corresponding regions containing more explicit lesion semantics.
Next, we analyze the effectiveness of each component of
our LAT for DR grading, including the pixel relation based
encoder (P), the self-attention layer (S) and cross-attention
layer (C) of the lesion filter based decoder, the region diversity mechanism (D), and the global consistency loss (G).
Effectiveness of the pixel relation based encoder. In
index-2, we only add the self-attention based on the pixel
relation based encoder. Compared with the baseline model,
the performances is improved by 1.2% in Kappa score. This
is because the self-attention mechanism of the encoder can
model the correlation of pixels and generate more robust
features to adapt to pixel appearance variations.
Effectiveness of the lesion filter based decoder. Based
on index-1 and index-3, when the lesion filter based decoder
is added, the performance is improved by 1.8% in AUC and
3.6% in Kappa. This demonstrates the importance of learning lesion filters. Based on index-3 and index-4, when the
self-attention layer in decoder is added, the performance is
further improved. This demonstrates the self-attention can
further incorporate context information from other filters to
increase their discrepancies.
Effectiveness of the region diversity mechanism.
Based on index-5 and index-6, the performance is improved
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Table 3: Evaluation of the effectiveness of different components on the Messidor-2 dataset.
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Figure 5: Evaluation of the hyperparameters λgcl , λtri , and
the number of lesion filters K.
by 1.2% in AUC, which shows the necessity of our diversity
mechanism. By adding the triplet loss, the learned lesion filters can be guided to discover diverse lesion regions, and the
corresponding features extracted from lesion regions can be
adaptively fused together to improve DR grading.
Effectiveness of the global consistency loss. Compared
with index-6 and index-7, when the global consistency loss
is added, the performance is further improved by 0.9% in
Kappa. This shows that this loss can alleviate problems
such as Grade 0 and 1 that are difficult to distinguish by
pushing class-specific local centers approaching their corresponding global centers.
Hyperparameter evaluations. We evaluate how λtri
and λgcl affect our model learning. Here, λtri controls the
relative importance of the region diversity mechanism, and
λgcl controls the relative importance of the global consistency loss. As shown in Figure 5, our model achieves much
better performance when λtri = 0.04, λgcl = 0.01. We also
evaluate the influence of different lesion filters in Figure 5.
We conduct experiments to explore the effect of different numbers of lesion filters. The performance continues to
grow until K = 4, which means that 4 filters are enough to
identify lesion regions.

5. Conclusion
In this paper, we propose a novel lesion-aware transformer to achieve DR grading and lesion discovery jointly via an encoder-decoder structure. Specifically, the pixel relation based encoder can effectively adapt to pixel appearance variations. And the lesion filter based decoder is
designed to learn lesion-aware filters for lesion discovery.
Extensive results on three challenging benchmarks demonstrate that our LAT performs favorably against state-of-theart other approaches.
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