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Abstract
Digital medical imaging, particularly pathology images, is essential for cancer diagnosis but faces challenges in direct model
training due to its super-resolution nature. Although weakly supervised learning has reduced the need for manual annotations,
manymultiple instance learning (MIL)methods struggle to effectively capture crucial spatial relationships in histopathological
images. Existing methods incorporating positional information often overlook nuanced spatial correlations or use positional
encoding strategies that do not fully capture the unique spatial dynamics of pathology images. To address this issue, we propose
a new framework named TMIL (Transformer-basedMultiple Instance Learning Network with 2D positional encoding), which
leverages multiple instance learning for weakly supervised classification of histopathological images. TMIL incorporates a
2D positional encoding module, based on the Transformer, to model positional information and explore correlations between
instances. Furthermore, TMIL divides histopathological images into pseudo-bags and trains patch-level feature vectors with
deep metric learning to enhance classification performance. Finally, the proposed approach is evaluated on a public colorectal
adenoma dataset. The experimental results show that TMIL outperforms existingMILmethods, achieving an AUC of 97.28%
and an ACC of 95.19%. These findings suggest that TMIL’s integration of deep metric learning and positional encoding offers
a promising approach for improving the efficiency and accuracy of pathology image analysis in cancer diagnosis.
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Introduction

Whole Slide Image (WSI) is a digital image obtained by scan-
ning the tissue on a slide, which has been successfully used
inmedical diagnosis, education, and research [1–3].With the
advancements in WSI technology and deep learning, medi-
cal image analysis techniques have achieved further success
[4–7]. Due to gigapixel resolution of WSI, traditional deep
learning models cannot be trained directly, so the common
approach is to divide the whole WSI into numerous patches
and train patch-wise classification with patch-level labels. In
clinical data, aWSI with gigapixel resolutionmay be divided
into thousands of patches, and the labelling of such a large
number of patches would consume a lot of time for pathol-
ogists. To overcome this difficulty, weakly supervised WSI
classification techniques [5, 8–12] use only WSI-level labels
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to train patch-level classifiers, which are mostly based on the
Multiple Instance Learning (MIL) framework. Specifically,
the model treats each image as a bag and splits the bag into
numerous patches, each of which is considered an instance.
If one instance in the bag is positive (e.g., lesion), the bag is
marked as positive, otherwise it is negative.

In the field of computer vision, multiple instance learning
has made great progress. However, the weakly supervised
WSI classification based on multi-instance learning still suf-
fers from numerous challenges. On one hand, the amount
of WSI data as supervisory information is too small, which
would lead to severe overfitting and fall into local opti-
mal solutions during the training process. On the other
hand, the relative positions of entities within an image pro-
vide essential prior information that is often underutilized.
Traditional MIL models predominantly concentrate on the
relationships between instances via attentionmechanismsbut
tend to overlook or inadequately leverage the spatial rela-
tionships critical to interpreting histopathological images.
Although some studies have attempted to integrate rela-
tive positional information through either fixed or learnable
positional embeddings, these approaches frequently fail to
capture the intricate spatial correlations among instances.
Moreover, they may employ positional encoding strategies
that inadequately represent the unique spatial dynamics char-
acteristic of pathology images.

In this paper, a Transformer-based Multiple Instance
Learning Network with 2D positional encoding framework
(TMIL) is proposed to address these challenges. TMIL ran-
domly splits the WSI (bag) into numerous pseudo-bags to
build more training samples, and then introduces deepmetric
learning to provide richer supervised information. Specifi-
cally, TMIL extracts the instance with the highest probability
value from the pseudo-bag. A new dataset is created to train
both an instance-level classification model and a deep metric
learning model, using pseudo-bag labels. The concatenated
feature vector from both models forms the final instance rep-
resentation. In addition, TMIL has designed a 2D positional
encoding module (PEM) based on the Transformer to model
the positional information between instances. ThePEMmod-
ule takes the row and columnvectors of each instance as input
and outputs a positional encoding vector, which is finally
added to the representation that has passed through the self-
attention module.

In summary, the main contributions of this paper are:

• This paper proposes a model named TMIL for the task
of classification of pathological images. TMIL uses deep
metric learning to provide richer supervised information
for the training of the model to mitigate the overfitting
phenomenon.

• After getting the feature representation of each patch,
TMIL designs a 2D positional encoding module based on

Transformer to model the location information between
the patches. TMIL replaces the Transformer’s one-
dimensional location data with two-dimensional patch
information using row and column vectors. These vec-
tors are then modeled with a self-attention mechanism,
enabling the network to focus on positional correlations
between patches.

• The TMIL model was evaluated on a colorectal adenoma
dataset. The results show that the TMIL model outper-
forms other MIL models on the classification task with an
AUC of 97.28% and an ACC of 95.19%. Ablation experi-
ments show that deepmetric learning and two-dimensional
positional encoding structures can significantly improve
results.

Related work

Weakly-supervisedWSI classification

With the development of deep learning, many histopatho-
logical image recognition tasks [13, 14] have achieved
remarkable success. Rakhlin [13] used multiple deep neural
networks and gradient boosting trees for pathological diag-
nosis of breast images. Chen [14] segmented the glands of
colon images in a multi-task learning framework. However,
these approaches process only the regions of interest (ROI)
in histopathological images, which are selected by patholo-
gists. These ROIs are smaller than entire pathology images
and are scaled simply for model input. There are only a small
number of ROI selected by pathologists, so it is convenient
to implement patch-level or even pixel-level labelling work.
Therefore, most of the approaches can be categorized into
fully supervised learning methods.

In recent years, there has been a dramatic increase in inter-
est in WSI-level pathology analysis, which is more relevant
than ROI-level analysis. Due to gigapixel resolution of WSI,
traditional deep learning models cannot be trained directly.
A simple compression of WSI will lose a lot of potential
information and details. Therefore, the ROI level pathology
analysis is not applicable toWSI samples. In fact, how to feed
the gigapixel resolution WSI into the model is a challenging
topic. The current approaches of WSI-level pathology anal-
ysis [15] require pathologists to label the patch-level images,
which leads to expensive costs. In the absence of patch-
level labels, a weakly supervised model [11, 16, 17] can
be designed to classify WSI using image-level labels. Xiang
[11] integrated information at both highmagnification (local)
and lowmagnification (regional) levels to conductWSI anal-
ysis, and then designed a Dual-Stream Network to predict
WSI labels. Wang [16] used patch-based full convolutional
networks to generate feature representations and explored
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different context-aware block selection and feature aggrega-
tion strategies. Tellez et al. [17] used a neural network trained
in an unsupervised fashion to compress gigapixel images and
trained a convolutional neural network to predict image-level
labels.

Multiple instance learning

Multiple instance learning has been widely used in weakly
supervised pathology image diagnosis [18] and other fields
[19, 20]. Multiple instance learning formulation point that
each WSI is considered as a bag that contains many patches
considered as instances. A bag is labelled as positive if any
of its instances is positive.

In general, multiple instance learning can be divided into
two categories.

The first category is the instance-based MIL model [21,
22], which assigns a pseudo-label to each instance according
to certain rules during the training phase, and the instance-
level data are constructed to train the instance-level encoder;
while in the inference phase, the model outputs the top k
instances with the highest scores, which are used to aggre-
gate the final results. FS-GCN-MIL [21] consists of three
parts, including a feature extractor based on a self-supervised
learning mechanism for extracting feature representations of
instances, a new instance-level feature selection method, and
a bag-level classifier based on graph convolutional networks.

The second category is embedding-based MIL models
[23–26], where the core point is to aggregate the instance
representation into bag representation by an aggregator (e.g.,
max-pooling), which eventually is used for bag level classi-
fication. DeepAttnMISL [23] was designed to learn instance
features from WSI and aggregate WSI-level information by
introducing attention-based MIL pooling, experiments show
that attention-based aggregation is more flexible and adap-
tive than other aggregation techniques. Most approaches
focus on instance selection and aggregation, thus ignoring
instance relations. A new framework [24] is proposed to
jointly learn instance-level and bag-level embeddings, and
use central loss to reduce intra-class variation. A multi-
instance learning model [26] is proposed that can be easily
plugged into a Vision transformer and effectively improves
the model performance for downstream image classifica-
tion tasks. In addition, some existing [27–29] works have
explored incorporating relative position information through
fixed or learnable positional embeddings. Bontempo et al.
[27] introduce a Graph Neural Network that precedes the
MIL framework, designed to enhance the representation of
WSI structure through capturing the mutual spatial corre-
lations of instances across multiple scales, both within and
between scales. Zhao et al. [28] employ spatial-encoding-
transformer layers within their aggregation module, which

enhances instance representation by simultaneously incor-
porating information from both neighboring and globally
correlated instances, with a novel joint absolute-relative
position encoding scheme to augment context information
encoding capabilities.

Attention and self-attention in deep learning

The attention mechanism is used to enhance useful signals,
which originated from machine translation tasks in natu-
ral language processing and has now been widely used in
various tasks in computer vision, including target detection,
image classification, and segmentation [30]. In recent years,
attention-basedmechanisms formedical image analysis have
also received attention [31–36].

The combination of attentional mechanisms and multi-
instance learning has made an important contribution to the
diagnosis of super resolution pathological images. ABMIL
[31] introduces an attention mechanism into a multi-instance
model while explaining the extent to which patch contributes
to the classification results of pathological images. DSMIL
[32] first trains a feature extractor for pathology images using
self-supervised contrast learning, and then generates feature
representations of instance by a multi-scale feature fusion
mechanism that deploys a standard maximum pooling layer
to identify the highest scoring instance (called key instance),
and measures the distance between other instance and key
instance to calculate the attention score. TransMIL [33] uses
the Transformer to mine contextual information around indi-
vidual patches and correlation information between different
patches.

Methods

Overview of the TMILmodel

Figure 1 illustrates the overall structure of the Transformer-
based Multiple Instance Learning Network with 2D posi-
tional encoding framework (TMIL) designed in this paper.
TMIL processes super-resolution pathology images using a
two-stage training approach.

In the first stage, TMIL first segments the super resolu-
tion pathology images into numerous patches, and according
to the concept of multiple instance learning, the super res-
olution pathology images are termed bag, and each patch
under the bag is termed instance. The instances extracted
from the bag are used to construct a new data-set, using the
labels of the bag as pseudo-labels for the instances. Two
ResNet models are trained on this dataset for classification
tasks and metric learning tasks, respectively, each producing
a 256-dimensional feature vector. These models are modi-
fied versions of the standard ResNet-50 architecture. As for
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Fig. 1 Overview of TMIL model

ResNet_2 shown in Fig. 1, after the GAP layer of ResNet-
50, we add a fully connected layer with 256 outputs that
projects the representations into a space where metric learn-
ing loss is computed. The output of this layer will serve as
the desired 256-dimensional feature vector. For ResNet_1,
we add another fully connected layer on top of the output
from ResNet_2 with a signal output that projects the rep-
resentations into a space where binary cross-entropy loss is
computed.

In the second stage, TMIL will use the patch feature
representation obtained in the first stage as the input to
the Transformer, and a two-dimensional positional encod-
ingmodule (PEM) is designed tomodel the position between
instances. After the feature representation passes through the
multi-head attention module, it is summed with the position
vector passed through the PEM to obtain the feature vector
with position information. It’s worth noting that our dataset
includes slides with a maximum of 644 tiles each, allow-
ing us to process every tile via the Transformer module with
full self-attention, unlike approaches like TransMIL that use
approximations due to memory limits.

In the inference phase, the process is similar to the second
phase of training. First, the feature vectors of all patches
are generated using the two ResNet trained in the patch
encoding phase, and then the feature vectors are fed into the
Transformer with two-dimensional position encoding mod-
ule, finally the bag-level classification results are output.

Patch encoding

The traditional patch encoding mechanism for multiple
instance learning has two approaches: one utilizes only the
instance with the highest probability of cancer in each bag to
train the classification task and uses the embedding vector at
the end of the classification network as the feature vector of
the instance. The other approach involves training through
self-supervised contrast learning. The first approach uses
the bag labels as pseudo-labels for the extracted instances.
However, the limited number of bags results in a restricted
number of extracted instances, which can increase the risk
of overfitting during the training of the classification model.
The second approach, while capable of using all instances
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Fig. 2 Schematic diagram of the
pseudo-bag mechanism

to train the encoder without requiring pseudo-labels, comes
with stringent hardware and training period requirements.

In contrast, this paper combines pseudo-bag mechanism
and metric learning to expand the number of instances, and
train triplet loss function to make similar samples as close
as possible in feature space and dissimilar samples as far as
possible in feature space.

Constructing datasets using pseudo-bag. Figure 2 shows
how to construct a patch dataset by the pseudo-bag mecha-
nism. The original pathology images will be pre-processed
into a large number of patches. TMIL constructs a new
pseudo-bag by randomly selecting M instances without
putting them back, using the labels of the original pathol-
ogy images as the pseudo-labels of the pseudo-bags. When
the original pathology image is negative, all patches of that
pathology image are negative, and therefore the pseudo-bags
are also negative. However, when the pathology image is
positive, then some patches of that pathology image are nec-
essarily positive, but some patches may be negative. There
are pseudo-bags with the wrong label.

The size of the parameter M controls the degree of impact
of this problem. When M is larger, it means that the more
instances in the pseudo-bag, the lower the probability of
labelling errors, but the number of pseudo-bagswill decrease;
similarly, the smaller M is, the fewer instances, the larger
the number of pseudo-bags, but the higher the probability of
labelling errors.

After constructing the pseudo-bag, the instance with the
highest probability of cancer can be extracted from the
pseudo-bag to form a new instance-level dataset. For the
pseudo-bag with positive label, TMIL extracts the instance
with the highest cancer probability, assigning it a positive
pseudo-label. However, for pseudo-bagwith a negative label,
TMIL uses all instances of the pseudo-bag to balance the
number of positive and negative samples in the final dataset.
This strategy avoids the impact of the category imbalance
problem on the encoder. In addition, this strategy allows us
to concentrate the training process on the most informative
instances, potentially enhancing the model’s ability to accu-
rately classify pathology images. Given a slide that contains
N patches, the total number of instance-level dataset that can
be generated from this slide is quantified by the floor division
of N byM, denoted as

⌊ N
M

⌋
, where M represents the number

of instances per pseudo-bag.
Feature encoding based on depth metric learning. In this

paper, we introduce a metric learning model based on the
traditional multiple instance learning.

The idea of metric learning is similar to self-supervised
contrast learning in that similar samples are as close as pos-
sible in the feature space, while different samples are as far
away as possible. The difference is that the training samples
for self-supervised contrast learning do not have labels. Thus,
in self-supervised contrast learning, feature augmentation is
performed on each sample. Here, samples are considered
similar only to their own augmented versions, while all other
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Fig. 3 The process of constructing metric learning data

samples are treated as negatives. Metric learning is a type of
supervised learningwhere each sample has a label. This label
information aids in identifying data similar to the sample.
Furthermore, having label information as a priori knowledge
greatly enhances model training.

Figure 3 illustrates the process of constructing a dataset for
training metric learning. In this experiment, each instance is
called an anchor, and an instance with the same pseudo-label
is taken as a positive sample of the anchor, and an instance
with a different pseudo-label is taken as a negative sample of
the anchor.

The dataset is processed through a residual network to
obtain three embedding vectors for each instance. On one
hand, the embedding vector of the anchor goes through a
fully connected layer for classification, and the anchor’s pre-
dicted value is pseudo-labeled to compute the cross-entropy
loss for training the classification task. On the other hand,
the embedding vectors of the three instances are used to
calculate the triplet loss to train the metric learning task.
These tasks produce two residual networks, each outputting
a 256-dimensional feature vector, and the concatenation of
these two vectors forms the final feature vector for the
instance. Each anchor instance is encoded through the resid-
ual network, which is trained to recognize and respond to
the nuances of pathological data. The classification task
focuses on differentiating between the classes represented
in the dataset. The cross-entropy loss evaluates how well
the predicted pseudo-labels align with the anchor’s assigned
pseudo-label, providing feedback to the model to fine-tune
its parameters for better accuracy.

In parallel, the metric learning can compute the distances
between the anchor’s embedding vector and those of both
positive and negative instances. The triplet loss function
encourages the model to minimize the distance between the
anchor and positive instances while maximizing the distance
from the negative instances. This results in a feature space

where instances of the same class are clustered together, and
those of different classes are separated, facilitating the task
of classification.

The dual tasks of classification and metric learning work
concurrently, each contributing to a comprehensive repre-
sentation of instances in the feature space. By utilizing both
a cross-entropy loss for classification and a triplet loss for
metric learning, the TMIL approach harnesses the bene-
fits of supervised learning while also embedding a deeper
understanding of instance similarities and differences within
its architecture. This dual strategy is designed to be robust
against overfitting, as it provides multiple avenues for the
model to learn from the data, thus enabling it to develop a
more generalizable and robust understanding of the features
relevant for diagnostic tasks.

The specific equation is described as follows:
X is defined as the instance dataset:

X = {{x1, y1}, . . . , {xi, yi}, . . . ,
{
xk, yk

}}
. (1)

xi is the i-th instance, yi is the pseudo-label corresponding
to the instance, and k denotes the total number of instances.

On the one hand, the dataset is used for the binary classi-
fication task, here using the cross-entropy loss function:

Lce =
k∑

i=1
yi*logỹi +

(
1 − yi

)
*log

(
1 − logỹi

)
(2)

ỹi = σ(W*F1(xi) + b) (3)

σ is sigmoid function,W is a fully connected layer parame-
ter, b is a fully connected layer bias. F1(∗) is the classification
encoder, which output 1 × 256 dimensional vector.

On the other hand, a deep metric learning model can be
trained so that the model can learn to vector spaces of differ-
ent dimensions, here we use the triplet loss function Lp:

Lp =
k∑

i=1

[∣∣
∣
∣∣
∣F1

(
xai

) − F2
(
xpi

)∣∣
∣
∣∣
∣
2

2
− ∣∣∣∣F1

(
xai

) − F2
(
xni

)∣∣∣∣2
2 + margin

]

(4)

xi denotes the i-th instance, which model consider as an
anchor and write as xai ; a instance from the dataset with the
same label of xi, which is written as x

p
i ; and an instance from

the dataset with different labels of xi, which is written as
xni ; F1(∗) is the metric learning encoder. Sample pairs with
matching labels are termed positive pairs, while those with
different labels are termed negative pairs. Finally, margin is
an adjustable parameter. This loss function allows similar
examples to be closer in vector space and different examples
to be further in vector space.

Each instance is fed into two encoders to obtain a 1× 256-
dimensional feature vector, and the feature vector is stitched
together to obtain the final feature vector of the instance.
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Bag classification

The multi-instance learning based on the embedding
paradigm assumes that the instances in the same bag conform
to independent homogeneous distribution, which violates the
basic understanding of images. The self-attentionmechanism
in Transformer ensures that each instance can focus on the
global instance information, thus circumventing the afore-
mentioned assumption. TMIL employs the self-attention
mechanism to capture correlations between instances. It also
introduces a two-dimensional positional encoding module
to address the Transformer’s limitation in modeling two-
dimensional positional relationships.

Instance relevance information. Figure 4 shows the pro-
cess of modeling the instance relevance information by the
self-attentionmechanism.Themodel first encodes eachpatch
using two encoders, then combines the outputs into a 512-
dimensional feature vector, and finally inputs the feature
vector into a multi-headed attention model, ensuring global
attention to all instance information.

The pathology image is defined as a bag B =
{x1, . . . , xn}, where n is the number of instance and xi is
the ith instance of the bag. The 1 × 512 dimensional feature
vector ei of each instance is first obtained using the residual
network, and then the vector ei is passed through the fully
connected layer to obtain qi, ki and vi, which represent the
query vector, the key vector, and the value vector respec-
tively. The query vector is dotted with the key vectors of all
other instances, the dotted product result is used as the atten-
tion score, and finally the value vectors are summed using
the attention score.

qi = W1 ∗ ei + b1, Q = concat
[
qi, . . . , qn

]
(5)

ki = W2 ∗ ei + b2, K = concat[ki, . . . , kn] (6)

vi = W3 ∗ ei + b3, V = concat[vi, . . . , vn] (7)

where concat[*] is the vector concatenation operation, which
preserve and integrate different aspects of the relationships
between instance vector in the input sequence and thereby
preserve the expressive power of the model; d is the dimen-
sion of qi; W1, W2 and W3 are the parameters of the three
fully connected layer; b1, b2 and b3 are the biases of the three
fully connected layers, respectively.

The above is the mathematical formula of the self-
attention mechanism, while Transformer usually uses the
multi-headed self-attention mechanism, which divides three
vectors into multiple sub-vectors, and then enters the self-
attentive module separately, and finally concatenation the
output of the module together.

PEM. Figure 5 illustrates the two-dimensional position
encoding module designed in TMIL. This module inputs the
position indexes (row and column numbers) of all patches
from a digital pathology image into the Transformer. It then
derives the row and column number vectors from the patch
position index and combines them to produce a new 512-
dimensional position vector. The row number vector and
column number vector are randomly initialized before the
model training, and their values are updated by the gradient.
The 2D position encoding module eventually feeds this posi-
tion vector into another multi-headed attention mechanism
to complete the modeling of position correlations between
instances.

We define the maximum number of rows of the patches
of the pathology image as R and the maximum number of
columns as C. Thematrix rows ∈ RR∗512 represents the posi-
tion features of rows and the matrix cols ∈ RC∗512 represents
the position features of columns. For the i-th instance, whose
row number in the 2D image is r and column number is c,
the position information of the example pi:

pi = rows[r] + cols[c] (8)

where the matrices rows and cols are the parameters needed
to be learned, which are initialized randomly in the first stage
and continuously updated with gradients later as the model
is trained. The pi is input to the multi-headed self-attention
module to obtain the encoding position information P.

The vector Z with location information is obtained by
adding the feature vector and the location vector.

Z = E + P (9)

Here E, P and Z are matrices, and each row corresponds to
a feature vector of an instance. E is the relevance information,
and P is the location information.

Finally, the feature vector Z with location information is
sequentially passed through the residual structure and feed-
forward networks, and finally a 1 × 512 dimensional feature
vector can be obtained, which can be used as the feature
representation of pathological images (bag).

In natural language processing, the Transformer typically
consists of 12 sub-modules, including multi-head attention
mechanisms which is essential for considering information
from different positions of the input sequence and mod-
eling complex dependencies. However, due to the limited
number of medical images available, training a model with
such a large number of parameters could lead to overfitting.
Therefore, to mitigate this risk, this paper employs only one
sub-module of the Transformer.
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Fig. 4 Schematic diagram of
instance correlations

Fig. 5 Schematic diagram of the
2D position encoding module

Define LN as layer regularization and MLP as fully con-
nected network:

Z1 = LN (Z + E) (10)

Z2 = LN (MLP(Z1) + Z1) (11)

Transformer uses a mean pooling layer to aggregate the
feature vectors of the instance into a feature vector of the
pathology image (bag), and finally a fully connected layer
to obtain the disease probability value yp for this pathology
image:

yp = σ(W* meanPooling(Z2) + b) (12)

Based on yp and the threshold value, we can determine
whether the pathological image is diseased or not.

In the model training phase, the cross-entropy loss func-
tion is calculated using the predicted probability value yp and
the true label:

Loss = ∑

i
yi *logyp, i +

(
1 − yi

)∗ log
(
1 − yp, i

)
(13)
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Fig. 6 Colorectal adenoma
dataset. The left column shows
the original histopathological
slides from the colorectal
adenoma dataset. The right
column contains the ground truth
masks, where black regions
indicate cancerous areas

Experiment

Experimental setup

In this paper, a weakly supervised classification model is
evaluated using a colorectal adenoma dataset [37], which is
collected and labeled by pathologists at the People’s Liber-
ation Army General Hospital. In the dataset, 1 denotes the
pathology image containing adenoma, while 0 indicates its
absence. The colorectal adenoma dataset consists of multi-
ple patches with the size of 1280× 1280. After filtering each
pathology image, the number of remaining patches ranges
between 11 and 644. For the purpose of model training and
evaluation, the dataset is divided into training and testing sets
with a ratio of 6:4. Specifically, the training set consists of
155 patches, including 98 labeled as 1 and 57 labeled as 0.
The testing set includes 104 patches, with 66 labeled as 1 and
38 labeled as 0.

In addition, the proposed method is implemented using
the PyTorch framework. All experiments are conducted on
a workstation equipped with a single NVIDIA RTX 5000
GPU with 16 GB of memory. The programming language

used is Python 3.8. The system is running on Ubuntu 18.04
with CUDA version 10.2 and cuDNN 7.6.5.

Figure 6 shows the specific form of the colorectal ade-
noma dataset, with the left column of the figure showing the
result of stitching the remaining patches after filtering one
pathology image, and the right column of the figure showing
the result of stitching the remaining patches labels. It should
be noted that this paper investigates how to perform weakly
supervised classification of large size pathology imageswhen
only image-level labels are available. Thus, only the image-
level labels from this dataset are used for training, ignoring
the patch-level labels.

The paper uses ACC (Accuracy) and AUC (Area Under
Curve) scores to evaluate the classification performance in
colorectal adenoma dataset.

Define TP to denote the number of samples with actual
positive cases and predicted positive cases; TN to denote the
number of samples with actual negative cases and predicted
negative cases; FN to denote the number of samples with
actual positive cases and predicted negative cases; and FP to
denote the number of samples with actual negative cases and
predicted positive cases.
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Table 1 Comparison results of metric learning models

Methods ACC AUC

ABMIL 0.8654 0.9023

ABMIL_WC 0.9038 0.9274

TransMIL 0.9135 0.9542

TransMIL_WC 0.9135 0.9685

TMIL_NC 0.9327 0.9653

TMIL 0.9519 0.9728

The best result is highlighted in bold

Accuracy means the ratio of the number of correctly clas-
sified samples to the total number of samples.

Accuracy = TP+TN
TP+TN+FN+FP (14)

AUC is expressed as the area under the ROC (receiver
operating characteristic curve). AUC is not affected by unbal-
anced data sets, nor by the distribution of test samples.

To compare with the most recent similar work [38], we
conducted a detailed comparative analysis in the BreakHis
[39] dataset. The BreakHis dataset is a collection of breast
cancer histopathological images, which are microscopic
images of breast tumor tissue. The dataset contains 7,909
images of 82 patients, with different magnifying factors
(40X, 100X, 200X, and 400X). The images are divided into
two main groups: benign tumors and malignant tumors. The
dataset also contains four subtypes of benign tumors: adeno-
sis (A), fibroadenoma (F), phyllodes tumor (PT), and tubular
adenoma (TA); and four subtypes ofmalignant tumors: ductal
carcinoma (DC), lobular carcinoma (LC), mucinous car-
cinoma (MC) and papillary carcinoma (PC). Each image
filename stores information about the image itself, such as
the method of biopsy, the tumor class, the tumor type, the
patient identification, and themagnification factor. Addition-
ally, following the work [37], we also used precision, recall
and F1-score as evaluation metrics.

Ablation experiments

Classical multi-instance learning outputs a feature represen-
tation of each patch by a classifier. In this paper, we add a
depth metric learning module to optimize the feature space
of the instances. To verify the effectiveness of this module,
the impact of the depth metric learning module on the model
is discussed in this paper in three networks, ABMIL, Trans-
MIL, and TML, respectively.

As shown in Table 1, the models ABMIL_WC and Trans-
MIL_WC denote ABMIL and TransMIL with deep metric
learning, respectively, and TMIL_NC denotes TMILwithout
deep metric learning. For ABMIL, the ACCmetric improves

0.86

0.88

0.9

0.92

0.94

0.96

0.98

TMIL_N TMIL_L TMIL

ACC

AUC

Fig. 7 Comparison results of different location encoding module

from 0.8654 to 0.9038 and the AUC metric improves from
0.9023 to 0.9274 after adding the feature vector of met-
ric learning; for TransMIL, the accuracy metric remains
unchanged and the AUC metric improves from 0.9542 to
0.9685; for TMIL, the ACC metric improves from 0.9327 to
0.9519, and theAUCmetric improved from0.9653 to 0.9728.
The above data verify that when the feature vectors trained
by deep metric learning are stitched with the feature vectors
trained by the multi-instance model based on the classifica-
tion task, the new feature vectors obtained have a significant
improvement on the model effect.

For the first time, TransMIL uses a self-attention mech-
anism to explore correlations between instances and also
introduces a PPEG module to account for location informa-
tion. Unlike TransMIL’s two layers, the TMIL proposed in
this paper uses only one layer of self-attention mechanism.
Meanwhile, the PPEG module of TransMIL converts one-
dimensional examples into two dimensions and then uses
convolutional neural network to explore location informa-
tion. While in this paper, TMIL directly models the location
vector using the self-attention module, influenced jointly by
the instance’s row and column number vectors.

Figure 7 shows the effect of the 2D position encoding
module proposed in this paper on the effect of the model.
TMIL_N indicates the result of completely removing the
position information, and TMIL_L indicates the result of
using linear position encoding. It can be seen that the instance
position information has a significant improvement on the
effect, and also the PEMmodule proposed in this paper is bet-
ter than the traditionalTransformer’s linear position encoding
method.

To explore how the choice of M affects our algorithm’s
performance, we expand our ablation study by varying M
in further experiments. Figure 8 provides a visual depic-
tion of the model’s performance as influenced by varying
the number of pseudo-bags, M. Notably, the model reaches
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Fig. 8 Comparison results of
different numbers of M in the
pseudo bag

its highest ACC of 0.9519 and AUC of 0.9649 when M is
set to 5. This suggests a sweet spot where each pseudo-bag
contains enough instances to represent the slide’s patholog-
ical features effectively without introducing too much noise
or redundancy. As M increases to 10, both ACC and AUC
experience a slight drop, with ACC decreasing to 0.9423 and
AUC to 0.9581, indicating that while the model still per-
forms well, there may be a diminishing return on adding
more instances per pseudo-bag. Further increasing M to 15
leads to a more noticeable decline in ACC to 0.9423 and
AUC to 0.9537, reinforcing the idea that excessively large
pseudo-bags may impair the model’s discriminative capabil-
ity. This quantitative analysis highlights that M significantly
affects the model’s accuracy and its generalization ability,
illustrating a clear trend that an optimally sized M is crucial
for model performance.

Experimental result

Comparewith otherWSImethods. The specific comparative
model chosen for this paper is as follows:

• ABMIL adds the attention mechanism to the multi-
instance model for the first time, and the computed
attention scores are used in the aggregation layer.

• DSMIL juxtaposes a multi-instance framework based on
the example paradigm and a multi-instance framework
based on the embedding paradigm in a single model. The
encoder is trained by contrast learning in the first stage,
and the instance classifier and bag classifier are concate-
nated in a dual-stream architecture in the later stage to
focus more on the correlation between the highest scoring
instance and the remaining instances.

Table 2 Results of weakly supervised classification

Methods ACC AUC

ABMIL 0.8654 0.9023

DSMIL 0.9231 0.9605

TransMIL 0.9135 0.9542

ViT 0.9423 0.9589

IBMIL 0.9327 0.9612

TMIL 0.9519 0.9728

The best result is highlighted in bold

• TransMIL introduces the Transformer to the multi-
instance model for the first time. The model considers cor-
relation between different instances and does not conform
to the assumption of independent identical distribution.

• ViT introduces Transformer to image classification tasks
for the first time. The original ViT is not directly applicable
to the classification of super resolution pathology images.
To make ViT applicable to medical scenarios, the input
of ViT is modified to the embedding vector of patches in
this paper. The purpose of comparing this model is to ver-
ify the superiority of Transformer in instance correlation
modeling.

• IBMIL [40] is a new method that utilizes backdoor adjust-
ment for interventional training to mitigate biases from
bag-level contextual priors, offering a unique approach
orthogonal to traditional bag MIL methods.

• TMIL is a Transformer multi-instance learning network
based on two-dimensional location information proposed
in this paper.

Table 2 shows the comparison results of TMIL and sev-
eral existing methods. From this table, it can be seen that
the Transformer network based on two-dimensional location
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Table 3 Results of the p-value on test dataset

Methods P-value

ACC AUC

ABMIL 7.185e-13 4.124e-11

DSMIL 1.415e-6 3.149e-5

TransMIL 4.773e-10 4.034e-7

ViT 1.358e-4 7.891e-8

IBMIL 4.590e-7 9.514e-7

information proposed in this paper outperforms the tradi-
tional models based on attention mechanism in both ACC
metrics and AUC metrics. ABMIL shows the lowest perfor-
mance among the methods listed, with an ACC of 0.8654
and an AUC of 0.9023. The IBMIL method, despite hav-
ing a lower Accuracy (ACC) at 0.9327 compared to ViT’s
0.9423, achieves a notably higher Area Under the Curve
(AUC) score of 0.9612, surpassing ViT’s 0.9589 by approx-
imately 0.0023 points. This suggests that IBMIL, with its
novel approach utilizing backdoor adjustment for interven-
tional training to mitigate biases from bag-level contextual
priors, excels in distinguishing between positive and negative
samples more effectively than ViT. The ACC value of TMIL
is 95.19% and the AUC is 97.28%, which is an improve-
ment of 0.96% in ACC and 1.39% in AUC compared with
ViT. This experimental data demonstrates that TMIL is still
able to perform pathology diagnosis on very large resolution
pathology images and outperforms existing weakly super-
vised classification models with only image-level labels.

In this study, we employ the p-value [41] to assess the
differences in performance between various methods and
TMIL across ten iterations, using the standard that a p-value
below 0.05 indicates a statistically significant difference. To
select the appropriate statistical test, we first applied the
Shapiro–Wilk test to assess the normality of the performance
metrics (ACC and AUC). As the results showed non-normal
distributions, we used the Wilcoxon signed-rank test, a non-
parametric method, to compute the p-values reported in
Table 3. The results in Table 3 indicate that all methods have
p-values significantly lower than the 0.05 threshold for both
ACC and AUC, demonstrating that TMIL significantly out-
performs other approaches.

After completing the weakly supervised classification of
super resolution pathology image, TMIL can also obtain
the label of each patch in that pathology image. In the
patch encoding phase, this paper provides pseudo-labels for
the instance according to the pseudo-bag mechanism, thus
directly training an instance-level classifier. Therefore, after
completing the classification task of the pathological images,
this paper can also directly use the instance-level classifier to
predict each patch in the pathological images, and the output

of the classifier will be used for the visualization of the lesion
regions. The specific visualization effect is shown in Fig. 9.

Comparison with Similar Works. TMIL is a two-stage
method which is more suitable for large-scale WSI images
classification. In order to adapt to the multi-class BreakHis
dataset, we replace the first stage with a pre-trained Swin
Transformer as the backbone to extract feature representa-
tions of instances, and then modify the final classification
fully connected layer of the bag-level classifier to obtain
eight classification results. In each training epoch, we use
down sampling to ensure consistent sampling numbers and
reduce overfitting from imbalanced data.

In our study, we compare the classification results using
Swin Transform alone with those obtained when it is
employed as the feature extractor in the first stage. Table
4 shows the multi-class results of the two methods with-
out considering the magnification factor. As shown in the
last row of Table 4, our approach yields superior outcomes,
with an improvement of 2.6% (from 95.25 to 97.82), 1.9%
(from 95.25 to 97.82), and 2.2% (from 95.25 to 97.82) in
precision, recall, and F1-score, respectively. However, com-
paring the results of each category, only the PT and MC
classes show slightly better metrics than our method; for all
other categories, our approach was the most effective. The
LC subcategory sees a significant improvement in Precision
(from 82.53 to 94.81) when using our method compared to
the Swin method. The DC subcategory, which has the high-
est sample number (692), also outperform Swin in all three
metrics. In general, ourmodel achieves the highest results for
magnification-independent classification. This is significant
because multiclass classification can be more challenging
than binary classification due to the increased number of
classes. This showcases the robustness and versatility of your
model.

We further evaluated the performance of the two methods
using ROC curves. As depicted in Fig. 10, most categories
demonstrated favorable ROC performance, with TA, PT, DC
and PC improving by 1%, 1%, 1% and 1%, respectively.
Notably, the AUC value for LC and MC increased by 2%
(from 0.95 to 0.97) and 3% (from 0.94 to 0.97). This under-
scores the exceptional performance of our method for these
categories.

Table 5 shows the multi-class results of the recent work
ViT-DeiT and the method proposed in this paper with
magnification-dependent classification. Overall, the perfor-
mance figures obtained by our method at different magnifi-
cations are quite consistent, remaining around 98%, which
indicates that our model is well suited for classification with
this dataset. At 40X, Oure method shows a precision of
98.48%, recall of 98.57%, and an F1-score of 98.65%.While
these numbers are slightly lower than the ViT-DeiT method,
they are still remarkably high and indicate that the TMIL
model is very adept at this magnification. TMIL starts to
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WSI Label TMIL 

Fig. 9 A visualization of pathology images. The first column (WSI) contains the original whole slide images. The second column (Label) shows
expert-annotated cancerous regions. The third column (TMIL) presents the predicted cancerous regions by the TMIL model

Table 4 Comparison of multiple
classification results in each class Sub category Precision (%) Recall (%) F1-score (%) Sample number

Swin Ours Swin Ours Swin Ours

A 97.90 97.93 98.90 99.47 98.90 98.70 91

F 95.60 98.25 96.07 96.98 95.84 97.61 204

TA 95.69 1.00 96.73 98.33 96.21 99.15 92

PT 98.10 95.98 97.36 99.17 98.23 97.55 114

DC 95.15 97.24 96.53 99.89 95.83 98.55 692

LC 82.53 94.81 81.88 93.09 82.21 93.94 127

MC 99.32 99.01 9312 91.26 96.12 94.98 160

PC 96.49 9933 97.34 98.68 96.91 99.00 113

macro avg 95.25 97.82 95.23 97.11 95.22 97.43

The best result is highlighted in bold
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Fig. 10 Class-wise ROC curves for Swin transform (up) and Swin structure based TMIL (down)

Table 5 Comparison of
multi-class classification
performance with
magnification-dependent
classification

Methods Magnification Precision (%) Recall (%) F1-score (%)

ViT-DeiT 40X 99.38 99.46 99.40

100X 98.31 98.51 98.35

200X 98.31 98.27 98.23

400X 98.57 98.78 98.65

TMIL(Ours) 40X 98.65 98.41 98.39

100X 98.69 98.27 98.36

200X 98.48 98.57 98.65

400X 98.23 97.40 98.42

The best result is highlighted in bold
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catch up and even surpasses ViT-DeiT in some metrics as
magnification increases. This suggests TMIL might be more
robust or adaptable to highermagnifications. TMILovertakes
ViT-DeiT slightly in precision, recall, F1-score at 200X by
0.17%, 0.30%, 0.42%. It is notable that while TMIL’s Recall
dips at 400X, its F1-score remains competitive, suggesting a
balanced trade-off between Precision and Recall.

Strengths and limitations. The Transformer-based Multi-
ple Instance Learning Network with 2D positional encoding
(TMIL) introduces several innovative features that set it
apart. Among its most notable strengths are its advanced
2D positional encoding module, which offers a more accu-
rate modeling of spatial relationships compared to traditional
methods. This, combined with the self-attention mechanism,
ensures that each instance can focus on global instance infor-
mation, capturing intricate relationships between instances.
Furthermore, TMIL’s two-stage training approach is adept
at handling the complexities of super-resolution pathology
images. Moreover, the metric learning and pseudo-bags
mechanism expands the number of instances and reduces
the risk of overfitting, a common challenge in deep learning.

However, while TMIL presents several benefits, it also
comes with certain limitations. Firstly, the performance of
MIL largely depends on the representation and quality of the
data. If the instances within a bag are not very representa-
tive or are noisy, the model’s performance might be affected.
Secondly, while the introduction of the 2D positional encod-
ing module in TMIL offers advantages, it also introduces
biases, especially if the positional information is not always
relevant or accurate. Its ability to generalize across diverse
and larger datasets remains to be tested. Thirdly, compared
to traditional supervised learning, MIL has a higher label
ambiguity. Since only the bag’s label is known and not the
exact label for each instance within the bag, this can lead
to instability in training the model, although our pseudo-bag
mechanism canmitigate this effect. Lastly, the use of a single
layer of self-attention, compared to some other methods with
layered approaches, might have its own set of challenges in
capturing deeper relationships.

Conclusion

The complexity and diversity of medical images make it
exceptionally difficult to analyze them, and precise meth-
ods are required to extract useful information and features
from them. The small amount of data and the difficulty of
annotation all pose great challenges for medical image anal-
ysis. Weakly supervised learning can use less annotation
information to train models, thus effectively reducing the
annotation workload. In this paper, we propose a weakly
supervised classification algorithm (TMIL) based on mul-
tiple instance learning to analyze medical images. TMIL

enables the classification of pathological images without
patch-level annotations, addressing the challenge of directly
training models on super-resolution pathological images.
Themetric learningmodelwas proposedbyTMIL to enhance
the feature representation of image patches, and the improved
2D position encoding module can fully exploit the 2D posi-
tion information of images while ensuring the excellent
instance relevance modeling capability of Transformer.

In this paper, TMIL is validated on a colorectal adenoma
dataset, which achieves an ACC metric of 95.19% and an
AUC metric of 97.28%. The experimental results show that
themetric learningmodel and the improved two-dimensional
positional encoding module effectively improve the model
performance. Meanwhile, the results on BreakHis dataset
show that TMIL is a robust and versatile method, show-
ing strong performance across different magnifications. Its
ability to maintain performance, especially in magnification-
independent evaluations, suggests a broader applicability in
real-world scenarios. Given its strengths, TMIL presents a
promising approach for image classification tasks, especially
in the domain of weakly supervised classification of medical
image.
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