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ABSTRACT Diagnosing melanocytic lesions is one of the most challenging areas of pathology with
extensive intra- and inter-observer variability. The gold standard for a diagnosis of invasive melanoma is
the examination of histopathological whole slide skin biopsy images by an experienced dermatopathologist.
Digitized whole slide images offer novel opportunities for computer programs to improve the diagnostic
performance of pathologists. In order to automatically classify such images, representations that reflect the
content and context of the input images are needed. In this paper, we introduce a novel self-attention-based
network to learn representations from digital whole slide images of melanocytic skin lesions at multiple
scales. Our model softly weighs representations from multiple scales, allowing it to discriminate between
diagnosis-relevant and -irrelevant information automatically. Our experiments show that our method
outperforms five other state-of-the-art whole slide image classification methods by a significant margin.
Our method also achieves comparable performance to 187 practicing U.S. pathologists who interpreted the
same cases in an independent study. To facilitate relevant research, full training and inference code is made
publicly available at https://github.com/meredith-wenjunwu/ScAtNet.

INDEX TERMS Convolutional Neural Network, Histopathological Images, Melanocytic Risk Lesions,
Melanoma, Multi-scale, Transformers, Skin Cancer Diagnosis, Whole-slide Image Classification

I. INTRODUCTION

INVASIVE melanoma, with more than 100,000 estimated
new cases in 2021, is one of the most commonly di-

agnosed cancers in the U.S [1]. The “gold standard” for
diagnosis of skin biopsy specimens relies on the visual as-
sessments of pathologists. Unfortunately, diagnostic errors
are common, and even expert pathologists may not reach
consensus on diagnostically challenging cases in many areas
within pathology [2]–[5]. For instance, pathologists disagree
in up to 60% of melanoma in situ and stage T1a invasive
cases [6]. Variability in diagnostic decisions is a serious
problem and can cause substantial patient harm. A computer-
aided diagnostic system can act as a second reader and help
pathologists reduce classification uncertainties.

For a reliable diagnostic system, it is important to obtain
representations that reflect both the content and context of the
input biopsy image. This paper introduces a self-attention-
based deep neural network called the Scale-Aware Trans-
former Network (ScAtNet) for classifying melanocytic skin
lesions in digital whole slide images (WSIs). ScAtNet,
shown in Figure 1, extends the standard transformer model
of Vaswani et al. (2017) to learn representations from biopsy
images at multiple input scales. The key idea is to learn
patch-wise representations independently for each input scale
using a convolutional neural network (CNN), and then learn
inter-patch and inter-scale representations from concatenated
multi-scale contextualized patch embeddings using trans-
formers. This allows our system to learn diagnostic class-
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FIGURE 1: Overview of ScAtNet for classifying skin biopsy images. To learn representations from these large WSIs at
multiple input scales in an end-to-end fashion, ScAtNet factorizes the classification pipeline into three steps. The first step
involves learning local patch-wise embeddings using an off-the-shelf CNN for each input scale independently. In the second
step, ScAtNet learns inter-patch representations using transformers and produces contextualized patch embeddings for each
input scale. In the last step, ScAtNet learns inter-scale representations from concatenated multi-scale contextualized patch
embeddings using another transformer network and produces scale-aware embeddings, which are then classified linearly into
diagnostic categories.

specific representations at different scales and helps improve
the performance. Also, each WSI contains multiple tissue
slices, while usually only one or two tissue slices help pathol-
ogists in diagnosis. We introduce a soft-label assignment
method to (1) reduce the ambiguity between different tissue
slices in a WSI and (2) improve the diagnostic classification
performance.

We demonstrate the effectiveness of ScAtNet on a skin
biopsy image dataset [6]. Experimental results show that
ScAtNet outperforms state-of-the-art methods by a signif-
icant margin. For example, ScAtNet is 8% more accurate
than the method proposed by Chikontwe et al. [7] and 6%
more accurate than the method proposed by Hashimoto et
al. [8]. Importantly, ScAtNet delivers comparable perfor-
mance to 187 practicing pathologists who interpreted the
same test set cases in an independent study.

To summarize, the main contributions of this paper are:
(1) a novel self-attention-based end-to-end framework for
classifying WSIs at multiple input scales (Section III-B), (2)
a soft label assignment method to reduce ambiguities that
arise by assigning the same label to all tissue slices in a
WSI (Section III-C), and (3) experimental results, along with
comparisons with state-of-the-art methods and practicing
U.S. pathologists, demonstrating ScAtNet’s competitive
performance (Section IV).

II. RELATED WORK
ScAtNetwas inspired by the success of several works in the
area of WSI image classification and transformers. We briefly
discuss these approaches in the following sub-sections.

Multiple instance learning (MIL). Convolutional neural
networks (CNNs) are the de facto machine learning-based
method for image classification, including WSIs [9]–[11].

Unlike the images in standard datasets (e.g., ImageNet [12]),
WSIs are orders of magnitude larger and cannot be processed
in an end-to-end fashion using CNNs. The MIL framework
has been widely studied for classifying different types of
WSIs, such as lung [11], kidney [13], and breast [14]. In
general, the input WSI is divided into instances (or patches)
and the same classification label is assigned to all instances
during training. During evaluation, methods such as averag-
ing and majority voting are used to aggregate the information
from all instances in an image and produce an image-level
classification label. Though these approaches are effective,
they learn local instance-wise representations. This work
extends the MIL framework with the transformers of Vaswani
et al. (2017) to learn global representations in an end-to-
end fashion. In our experiments, we compared our method
to the MIL methods of Chikontwe et al. [7] and Hashimoto
et al. [8]. In addition, we compared our system to a standard
patch-based CNN classification framework. Details of these
methods are described in section IV-D.

Patch-based feature aggregation. Patch-based methods
provide a solution to the gigapixel size of WSIs, while
only requiring slide-level labels. However, learning robust
instance representations is challenging due to the ambiguity
in instance-level labels. To address this, many recent methods
[11], [15] adopt a two-step approach that consists of (1)
training an instance encoder for obtaining a prediction score
or low-dimensional features, and (2) learning a model that
aggregates the features extracted by the learned instance
encoder to form instance-level information for slide-level
prediction. Although this approach has had some success, it
often suffers from worse performance when noisy labels are
present, causing the features to not be representative of their
given labels. In our experiments, we compared our method
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with a CNN-based deep-feature-aggregation framework de-
veloped by C. Mercan et al [15]. Details of this method are
described in section IV-D.

Segmentation-based methods. These approaches use se-
mantic information about tissues in a WSI to produce an
image-level decision [16]–[20]. Typically, these approaches
have three steps: (1) produce a tissue-level semantic seg-
mentation mask using CNNs for an input WSI, (2) extract
features, such as distribution of tissues, from these semantic
masks, and (3) produce an image-level decision using the fea-
tures extracted from the semantic masks. These approaches
learn global representations (information from segmentation
masks) and have been found to be more effective than plain
patch- and MIL-based approaches. However, one key chal-
lenge with these approaches is that they require tissue-level
segmentation masks whose collection is challenging, because
(1) domain experts are required for annotations and (2) pixel-
wise annotations on images of gigapixel order is very time
consuming. In contrast, this work introduces a method for
learning global representations from histopathological WSIs
without the need for tissue-level segmentation masks.

End-to-end learning. Recent attempts at WSI classi-
fication focus on designing a single neural network that
aggregates information from the entire image in a single
shot [21], [22]. These methods extend the MIL-based ap-
proach with gradient check-pointing and advanced feature-
fusion methods, such as self-attention. Inspired by model-
level parallelism [9] and gradient check-pointing [23], these
approaches break down the WSI classification pipeline into
multiple stages and cache the intermediate results of CNN
layers during forward and backward passes, allowing the
systems to learn representations in an end-to-end fashion. For
example, Mehta et al. [21] uses the transformers of Vaswani
et al. (2017) to aggregate the information from all instances
in a breast biopsy image, while Pinckaers et al. [22] stitches
the instance-wise feature maps of a prostate cancer image
at a very low-spatial resolution obtained from a CNN to
produce an image-level feature map. ScAtNet extends these
approaches for classifying skin biopsies. Unlike these ap-
proaches that use WSIs at a single scale (typically at a zoom-
level of 10�) for classification, this work proposes a scale-
aware transformer that adapts to and uses the representations
from multiple input scales to achieve higher classification
performance. In our experiments, we compared our method
with a CNN-based end-to-end WSI classification framework
developed by Pinckaers et al. [22], details of this which are
described in section IV-D.

Vision Transformers. The transformers of Vaswani et al.
[24], initially introduced for the task of machine translation
(e.g., [25], [26]), are being explored for modeling images
and computer vision tasks (e.g., [27], [28]). Transformers
use self-attention, which allows the inputs (e.g., words in a
sentence) to interact with each other and learn global repre-
sentations. Carion et al. [29] extended the standard encoder-
decoder network of Vaswani et al. [24] for the task of object
detection. Recent work has extended transformers using a
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FIGURE 2: The transformer network stacks L transformer
units sequentially. Each transformer unit consists of self-
attention and feed-forward modules.

patch-based approach to image recognition at a large scale
[27], [28]. Concurrent work has also utilized transformers
and self-attention to medical image segmentation [30]–[33]
and classification [34].

Motivated by (1) the success of transformers in vision, (2)
the methods for learning representations from different input
scales [35]–[37], and (3) the importance of input scales for
diagnosis in clinical settings [38], [39], we propose a scale-
aware transformer model that adapts to the information from
different input scales using self-attention and predicts the
classification label.

III. METHOD
This section first reviews the architecture of transformers and
then elaborates on the details of the proposed method, scale-
aware transformers (Section III-B), that allows our system
to learn representations from histopathological images at
multiple scales in an end-to-end fashion. In Section III-C, a
soft-labeling method is discussed that reduces the ambiguity
in instance-level (patches) labels and improves the learning
of representations from skin-biopsy images. The software
associated with this work will be made available.

A. TRANSFORMERS
The transformer unit, shown in Figure 2, is comprised of
two modules: (1) self-attention and (2) feed-forward. The
self-attention module allows the inputs to interact with each
other and learn contextual relationships. This layer applies
three projections, with each projection branch having mul-
tiple linear layers to the input I 2 Rn�e to produce query
(Q), key (K), and value (V) embeddings, where n is the
number of inputs and e is the input dimensionality. A dot-
product between query (Q) and key (K) is computed to
produce an n � n matrix to which a row-wise softmax is
applied to encode relationships between the n inputs. Finally,
a weighted sum is computed between the resultant n � n
matrix and V .

Self-attention(Q; K; V) = (Q �KT ) �V (1)

The feed-forward module stacks two linear layers, and
is responsible for learning wider representations. The first
linear layer projects the input to a high-dimensional space,
while the second linear layer projects from the high-
dimensional space to the same dimensionality as that of the
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input. This work extends the transformers model to learn
scale-aware representations from skin biopsy images.

B. SCALE-AWARE TRANSFORMERS
Patch-based CNNs are state-of-the-art WSI classification
methods that allow computer systems to learn representa-
tions from gigapixel size images (e.g. [11], [13], [14], [16],
[40]). One of the main limitations of such systems is that
they learn local representations, since the context capturing
ability of such systems is limited to the patch-level. Another
challenge is learning representations from multiple input
scales. Because of limited GPU memory and the sheer size
of these images, training multi-scale classification systems is
computationally intractable. For example, the average size of
a WSI (11K � 9.5K) in our dataset is 2000 times larger than
the standard image classification dataset: the ImageNet [41]
(224� 224).

Motivated by the recent advancements in computer vision,
especially vision transformers and the importance of input
scales in clinical settings, this paper introduces scale-aware
transformers in ScAtNet, which allows our system to learn
local and global representations from multiple input scales
in an end-to-end fashion. Figure 1 shows the overview of
ScAtNet, which has three main steps: (1) learn local patch-
wise embeddings using a CNN for each input scale, (2) learn
contextualized patch-embeddings for each input scale using
transformers, and (3) learn scale-aware embeddings across
multiple input scales using transformers. These steps are
described below.

Patch embeddings. The input WSI image Xsc 2 RW�H

at scale sc with width W and height H is divided into m
non-overlapping patches Xsc = (xsc

1 ; � � � ; xsc
m), where xsc

i

is the i-th patch with width Wp
m

and height Hp
m

. Patch-wise
feature representations, referred to as patch embeddings, are
obtained using an off-the-shelf CNN. The patch embedding
PEsc

i 2 Re for the i-th patch xsc
i is thus:

PEsc
i = CNN (xsc

i ) (2)

Contextualized patch embeddings. The patch embed-
dings PEsc 2 Rm�e are produced independently for each
patch. In other words, these embeddings PEsc do not encode
inter-patch relationships. These embeddings PEsc are fed
to a transformer to learn inter-patch relationships. Similar
to vision transformers [27], patch-wise sinusoidal positional
embeddings PPEsc 2 Rm�e are added to PEsc to encode
the position of input patches. The resultant embeddings are
then fed to a transformer to produce contextualized patch
embeddings CPEsc 2 Rm�e.

CPEsc = Transformer (PEsc + PPEsc) (3)

These contextualized embeddings CPEsc 2 Rm�e are
then averaged along the m-dimension to produce an e-
dimensional embedding vector CPE

sc 2 Re. CPE
sc

en-
codes the local (from CNN) and global (from Transformer)
information in an image Xsc.

Contextualized scale embeddings. The embedding
CPE

sc
encodes the information in an image Xsc at scale

sc. Let us assume that we have S scales. For each scale
sc 2 [0; :::; S ], we produce embedding vector CPE

sc
and

concatenate them to produce scale-level embeddings SE =

Concat(CPE
1
; � � � ; CPE

S
). These embeddings SE 2

RS�e do not encode information about the relationships
between the different scales. To learn scale-aware representa-
tions while retaining positional information about each scale,
scale-level learnable positional embeddings PSE 2 Rsc�e

are added1to SEsc�e. The resultant embeddings are then
fed to another transformer to produce contextualized scale
embeddings CSE 2 Rsc�e.

CSE = Transformer (SE + PSE) (4)

For predicting the diagnostic class, ScAtNet first flattens
the scale-aware embeddings CSE 2 Rsc�e to produce a
(sc �e)-dimensional vector and then classifies it using a linear
classifier into C diagnostic categories.

C. SOFT-LABELS FOR SKIN BIOPSY IMAGES
Skin biopsy images often contain multiple tissue slices on a
single WSI, as shown in Figure 4a. In general, the represen-
tative regions-of-interest (ROIs; shown in red in Figure 4a)
that helped pathologists in diagnosis belong to one or two
tissue slices, while the other tissue slices may correspond
to other diagnosis categories. Assigning the same diagnostic
label to all tissue slices (similar to MIL-based approaches)
results in more false tissue-label pairs and hinders learning
representations. To address this, we propose a soft labeling
method, as illustrated in Figure 3.

Given a dataset D with N training WSIs along with rep-
resentative ROIs for each WSI (each WSI contains multiple
slices) that helped in diagnosis, we aim to assign soft labels
to tissue slices that do not have ROIs. Tissue slices from each
WSI are extracted and then categorized into one of the two
sets: (1) tissue slicesR with an ROI and (2) tissue slicesNR
without an ROI. Since each slice in R has a representative
ROI, we further splitR into C subsets,R = fR1; � � � ; RCg,
based on the diagnostic category, where Ri represents the
subset for diagnostic category i and C denotes the number of
diagnostic categories. Next, we compute the mean singular
value vector �si for each subset Ri as:

�si =
1

n

nX
j=1

sj
i (5)

where sj
i is the d-dimensional singular-value vector obtained

after applying singular-value decomposition (SVD) to the
j-th tissue slice in Ri. The idea is to use these vectors to
represent the appearance of the diagnostic categories. We

1Unlike the number of patches m, the number of scales S is fixed.
Therefore, we learned the positional embeddings for each scale using
torch.nn.Embedding in PyTorch. Compared to sinusoidal positional embed-
dings, learned embeddings improves the performance by about 0.5-1.0%.
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FIGURE 3: Overview of Soft labels calculation . Diagnostically constrained soft labels are calculated for tissue slices without
an ROI using singular value decomposition (see Section III-C).

used singular values because of their uniqueness and ro-
bustness properties [42]–[45]. However, other dimensionality
reduction methods could also be used.

For the j-th slice in NR, the C-dimensional soft label
vector ŷj is computed as:

ŷj = softmax
�
�s � ŝj

�
(6)

where ŝj is a d-dimensional singular value vector obtained
after applying SVD to the j-th tissue slice in NR and s̄ =
fs̄1; : : : ; s̄Cg.

Tissue slices without an ROI do not help in diagnosis
decisions. Clinically, such slices can often belong to lower
diagnostic categories than the category assigned to the WSI
they are part of. We incorporate this diagnostic constraint in
our soft labeling method. For a four-class dataset (1: MMD, 2:
MIS, 3: pT1a, and 4: pT1b), suppose that a WSI correspond-
ing to class k has m tissue slices and one of the tissue slices
has an ROI, as shown in Figure 4a. Soft label vectors ŷj for
the jth slices without ROI (j 2 [0; m � 1]) can be obtained
from equation 6. Then, to take one step further, diagnostically
constrained soft label vector ỹj = fỹj

1; :::; ỹj
Cg is computed

as:

ỹj
c =

ŷj
cPk

c=0 ŷj
c

; if c < k

ỹj
c = 0 if c � k (7)

Figure 4a illustrated an example WSI corresponding to
class 3 (pT1a), which has three tissue slices, and one of
the tissue slices has an ROI. If the soft label vectors ŷj

for these two slices without ROI are [0:46; 0:39; 0:08; 0:07],
[0:21; 0:54; 0:1; 0:15], the resulting soft label vectors with
the diagnostic constraint ỹj are [0:54; 0:46; 0; 0], and
[0:28; 0:72; 0; 0] respectively.

IV. EXPERIMENTAL RESULTS
A. DATASET AND EVALUATION

Skin biopsy dataset and ground truth consensus. The data
used for this study was acquired as a part of the MPATH study
(R01CA151306) and consists of 240 skin biopsy images with
hematoxylin and eosin (H&E) staining [6]. The study was
approved by the Institutional Review Board at the Univer-
sity of Washington with protocol number STUDY00008506.
These biopsy images were interpreted by a consensus panel
of three experienced dermatopathologists using the modified
Delphi approach [46]. The consensus panel assessments were
grouped into five different MPATH-Dx (Melanocytic Pathol-
ogy Assessment Tool and Hierarchy for Diagnosis) [47]
simplified categories based on perceived risk for progression.
These five classes were regrouped to four diagnostic classes
for the classification task in this paper due to limited sample
size in Classes I and II and because the clinical risk for
progression of both Class I and Class II is extremely low.
The diagnostic terms we use for each class are as follows:
1) Class I-II: mild and moderate dysplastic nevi (MMD),
which is very low risk to low risk, 2) Class III: melanoma
in situ (MIS), which is higher risk than MMD, 3) Class
IV: invasive melanoma stage pT1a (pT1a) which is higher
risk for local/regional progression, and 4) Class V: invasive
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