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Abstract—Multiple instance learning (MIL) based whole slide
image (WSI) classification is often carried out on the represen-
tations of patches extracted from WSI with a pre-trained patch
encoder. The performance of classification relies on both patch-
level representation learning and MIL classifier training. Most
MIL methods utilize a frozen model pre-trained on ImageNet or
a model trained with self-supervised learning on histopathology
image dataset to extract patch image representations and then fix
these representations in the training of the MIL classifiers for ef-
ficiency consideration. However, the invariance of representations
cannot meet the diversity requirement for training a robust MIL
classifier, which has significantly limited the performance of the
WSI classification. In this paper, we propose a Self-Supervised
Representation Distribution Learning framework (SSRDL) for
patch-level representation learning with an online representation
sampling strategy (ORS) for both patch feature extraction
and WSI-level data augmentation. The proposed method was
evaluated on three datasets under three MIL frameworks. The ex-
perimental results have demonstrated that the proposed method
achieves the best performance in histopathology image represen-
tation learning and data augmentation and outperforms state-of-
the-art methods under different WSI classification frameworks.
The code is available at https://github.com/lazytkm/SSRDL.

Index Terms—Self-supervised Representation Learning, Data
Augmentation, WSI Classification
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I. INTRODUCTION

The recent emergence of computational pathology, which
integrates artificial intelligence (AI) techniques to address
challenges in pathology, has shown promising progress in vari-
ous applications [1]–[3]. These applications include metastasis
detection [4], cancer subtyping [5]–[7], survival prediction [8],
image retrieval [9], molecular alterations prediction [10] and
gene mutation prediction [11]. For example, Zhang et al. [7]
enhanced breast cancer subtyping with the introduction of a
double-tier framework. Wang et al. [9] improved the retrieval
of epithelial lesions of the uterine cervix patches using a
clustering-guided contrastive learning framework. Chen et al.
[8] enhanced pan-cancer survival prediction through multi-
modal learning. Yan et al. [11] advanced the prediction of
clinically relevant gene mutations in bladder cancer by devel-
oping a hierarchical deep multi-instance learning framework.
These advancements underscore the crucial role of whole slide
image (WSI) classification as the foundation of computer-
aided pathological diagnosis [5]–[7], [12]–[14]. Unlike natural
images, a WSI typically contains billions of pixels that cannot
be directly fed into deep neural networks for training due to
computational resource limitations [15]–[17]. Moreover, pixel-
wise annotations of histopathological images are scarce, and
thereby sparse annotations are commonly used [18], [19].
Therefore, most of the current solutions for histopathology
WSI classification are based on weakly supervised learning
methods, especially multiple instance learning (MIL) [7],
[20]–[22].

Under the paradigm of MIL, each WSI is regarded as a
bag that consists of many instances of patches. Classifica-
tion for the WSI is usually divided into two stages. In the
first stage, patch-level representations are extracted by a pre-
trained model. In the second stage, another model is built to
take the representations of patches within WSI as input and
finally output the prediction for the WSI. Convolutional neural
network (CNN) [23] and vision transformer (ViT) [24] pre-
trained on ImageNet dataset [25] are common choices for the
patch feature extraction. Besides, self-supervised learning has
recently demonstrated strong performance on representation
learning [26]–[29] and effectiveness on histopathological im-
age analysis [12], [21].

However, in the two stage frameworks, the patch-level repre-
sentations will be fixed after feature extraction and during the
entire period of WSI-level model training and inference. These

https://github.com/lazytkm/SSRDL
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fixed patch representations make it challenging to produce
data augmentation for the training of the second stage models,
which has limited the performance and generalization of the
WSI-level model.

Previous studies have proven that the composition of data
augmentation operations is crucial for learning good repre-
sentations. Furthermore, the advantages of appropriate data
augmentation have been demonstrated in the field of patch-
level classification [30]. Self-supervised representation learn-
ing also benefits from stronger data augmentation than super-
vised learning [26]. But, typical augmentations can be only
conducted in image space [31]–[33]. Emerging methods of
representation augmentations [34]–[36] for supervised learning
have been proposed. However, in WSI analysis, especially for
tasks of gene mutation prediction and survival prediction, we
typically possess labels only for WSIs themselves, not for the
individual patches within a WSI. In this case, their application
to the patches is impractical due to the absence of labels. Given
the constraints of computational resources, it’s also not feasible
to apply these methods directly to entire WSIs. These make
the augmentations for supervised learning difficult to apply in
weakly supervised WSI analysis frameworks.

To achieve data augmentation for WSI model training,
several studies [37], [38] proposed generative methods to syn-
thesize data augmentations in the embedding space, as shown
in Fig. 1b. However, these methods require an additional
generator to be trained and then deployed for augmentation,
which increases the computational cost in the WSI-level model
training. Meanwhile, some approaches [13], [39], [40] based
on Mixup were proposed for WSI-level augmentation, as
illustrated in Fig. 1c. But it is observed that the representations
produced by Mixup are unpredictable for training, which
occasionally leads to unstable performance [37]. Overall, the
current methods either incur the additional computational
cost of training or cause a loss of semantic information. It
lacks data augmentation methods that are both effective and
efficient for histopathology WSI-level model construction and
application.

To address these problems, we propose a novel repre-
sentation distribution learning technique for both patch-level
representation learning and WSI-level data augmentation. We
introduce a new concept ”representation distribution”, which
distinguishes our approach from previous WSI augmentation
methods. As shown in Fig. 1d, rather than viewing each
patch representation as a single point in the feature space,
we also consider the reasonable representation augmentations
for each patch. This perspective allows us to encode each
patch as a distribution within the feature space, denoted
as ”representation distribution”. Specifically, a representation
distribution estimator is trained during self-supervised repre-
sentation learning. This estimator can predict a distribution
of all the reasonable representation augmentations for each
patch. Consequently, WSI data augmentation can be efficiently
achieved by online sampling patch representations from these
patch distributions. The proposed method was evaluated on
a lung dataset with 754 WSIs and two public lung datasets
with 696 WSIs and 3064 WSIs, where the proposed method
achieved an increase in AUC of 8.7%, 8.5%, and 7.1% on

Fig. 1. Comparison between existing methods for WSI data augmentation
and our method. The dotted lines indicate offline training procedures while
the solid lines indicate online training procedures. (a) is the simplest WSI
augmentation which is time-consuming. (b) enables WSI augmentation with
an additionally trained generative model. (c) mixes two bags in multiple
ways to achieve WSI augmentation. (d) is our online representation sampling
strategy that dynamically samples representations from estimated distributions.

the USTC-EGFR dataset, an increase of 20.2%, 18.8%, and
26.1% on the TCGA-EGFR dataset, and an increase of 1.0%,
2.4%, and 2.4% on the TCGA-LUNG-3K dataset, respectively,
under three WSI classification frameworks.

The contribution of this paper can be summarized into two
aspects:

(1) We propose a representation learning framework with
representation distribution estimation for histopathology WSI
classification. Building on DINO [29] that is a self-supervised
learning framework with augmentation-encoding branches,
we enhance this architecture by adding another encoding-
augmentation student branch. This new branch includes a
distribution estimator specifically designed to incorporate rep-
resentation augmentation into representation learning. Com-
pared with the image-level data augmentation in DINO, the
proposed method can provide more expansive while reliable
augmentation and thus improve the discrimination of the patch
representations and the performance of the following WSI
analysis model. The visualization results show that the range of
the sampled representations effectively covers the distribution
of the representations extracted from different augmented
views.

(2) We propose an online representation sampling (ORS)
module based on the proposed representation distribution
learning model. With ORS, we achieve the procedure exchange
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of data augmentation and patch encoding. During the training
of the WSI-level model, the representations of patches in a bag
are continuously resampled from the estimated distributions,
which is convenient and computationally efficient for WSI
model training. The experimental results demonstrate that this
data augmentation strategy can improve the generalization and
robustness of the WSI classifier. Furthermore, the distribution
estimator is concurrently trained with representation learning,
thereby avoiding any additional training process prior to the
WSI-level model.

II. RELATED WORKS

A. Self-Supervised Representation Learning

The patch encoder is crucial for MIL methods. Given
the vast amount of images in ImageNet, the CNN model
pre-trained on ImageNet is often considered a good choice
for the patch encoder. In CLAM [5] and TransMIL [6],
the patches are embedded in 1024-dimensional vector by a
ResNet50 [23] model pretrained on ImageNet [25]. However,
there are inevitably semantic differences between pathological
and natural images, which may lead to the inapplicability of
ImageNet-pretrained models in WSI analysis. Self-supervised
learning (SSL) has been widely used in representation learning
[41]. The representations can achieve considerable success in
downstream tasks, such as classification [26], [28], [42], [43]
and segmentation [44], [45].

Existing SSL methods mainly focus on contrastive learning
which considers each image a different class and trains the
model by discriminating them [26], [28], [43], [46]. Chen et
al. [26] propose an end-to-end model SimCLR, which verifies
that this architecture performs better with large batch sizes.
It is deployed in DSMIL [21] to train ResNet18 for feature
extraction. These discriminative approaches are similar in that
they all involve calculating contrastive loss across a large
number of images simultaneously.

Recent works have shown that we can learn unsupervised
representations without discriminating between images [27],
[29], [47], [48]. Grill et al. [27] propose a metric-learning for-
mulation called BYOL that directly predicts the output of one
view from another view. KAT [12] trains the ResNet50 using
the contrastive representation learning framework proposed in
BYOL [27]. Chen et al. [47] suggest that simple Siamese net-
works can learn meaningful representations without following
the contrastive learning paradigm. Caron et al. [29] observe
that self-supervised ViT [24] representations contain explicit
information about the semantic segmentation of an image.
Most recently, DINO [29] is proposed to utilize this informa-
tion for representation learning. HIPT [15] and PAMA [49]
have proven the advantage of DINO for patch representation
pretraining. Thus, we take the DINO framework with the ViT
architecture as our baseline model for representation learning.

B. Data Augmentation in Deep Learning

It is common knowledge that the more data a deep learning
model has access to, the more effective it can be [26],
[28], [29]. The amount and diversity of data affect model
performance. As an effective means of expanding data, data

augmentation has been widely used in both unsupervised and
supervised learning.

In self-supervised representation learning, the composition
of data augmentation operations has an impact on learning
good representations [50], [51]. In SimCLR [26], the authors
systematically study the impact of data augmentations. The
augmentations involve spatial/geometric/appearance transfor-
mations, such as cropping and resizing, rotation [32], cutout,
color distortion, Gaussian blur and Sobel filtering. They
observe that single augmentation is not sufficient to learn
good representations. BYOL [27] shows that different color
histograms help the representation learning. MoCov2 [52]
extends the original augmentations in MoCo [28] with the
blur augmentation, which improves the baseline on ImageNet.
SwAV [33] proposes a multi-crop strategy where the authors
use two standard resolution crops and sample several addi-
tional low resolution crops that cover only small parts of the
image. DINO [29] follows the data augmentations of BYOL
[27] and multi-crop [33].

C. Data Augmentation for WSI analysis
Like data augmentation methods for natural images, the typ-

ical approach to WSI data augmentation involves continuously
extracting representations from augmented patches within each
bag during the training process. This is obviously inefficient
for WSI model training because feature extraction takes up
the vast majority of the training time. Thereby, they are only
utilized in the stage of WSI preprocessing to increase the
diversity of patches as in ABMIL [20]. The data augmentation
methods specially designed for WSI analysis can be divided
into two categories. The former is realized with generative
models, while the latter generates new subsets from bags
through various mixing approaches. Specifically, DAGAN [38]
additionally trains a data augmentation generative adversarial
network that can synthesize data augmentations in the feature
space. AugDiff [37] employs the diffusion model to improve
the quality of representation augmentation and control the
retention of semantic information. These generative models
request additional training time and confine representation
augmentation to the finite feature space associated with image
augmentations. ReMix [13] proposes to mix the instance proto-
types obtained by clustering with four different augmentations,
but clustering may entail partial loss of semantic information
and lead to unstable performances. RankMix [39] rearranges
the patch representations in the WSI by the patch attention
scores and then formulates the Mixup of the ranked representa-
tions, which strictly follows the paradigm of Mixup that mixes
the bags with linear interpolation. Mixup-MIL [40] proposes
a new augmentation strategy called Intra-Mixup that uses a
single WSI to mix. However, the representations produced by
Mixup are unpredictable, which may lead to unstable effects
on the model performance [37].

III. METHOD
A. Overview

We aim to find an approach that enables flexible data
augmentation in the feature space after the image patch encod-
ing instead of performing image augmentation prior to patch
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Fig. 2. Overview of the proposed representation learning and WSI data augmentation framework. (a) SSRDL: Another student branch is built by designing a
representation augmentation module. The outputs of both student branches contribute to the loss calculation with the output of the teacher branch. The encoders
in both student branches share weights. (b-d) Description of Augmentations: (b) and (c) illustrate the differences between strong and weak image augmentations.
(d) showcases the application of the reparameterization trick in the representation augmentation module. (e) WSI Augmentation during Training: The patches
within a WSI are encoded into representation distributions through an offline process. Subsequently, during the online training of the WSI classifier, patch
representations are continuously updated by sampling from these distributions.

encoding. To this end, we assume that data augmentation and
feature extraction are independent processes, and propose to
relocate the data augmentation process after feature extraction,
formulating the proposed representation distribution learning
model.

As shown in Fig. 2a, the architecture of the proposed
model is built based on DINO [29]. In addition to the
traditional augmentation-encoding student branch, we build
another encoding-augmentation student branch by designing
a representation augmentation module. The self-distillation
constraint is performed on both the student branches to
make the representations from the encoding-augmentation
branch semantically consistent with those extracted by the
augmentation-encoding branch. Then, based on the trained
model, we can continuously acquire diverse WSI data through
online sampling representations from the distributions, as
shown in Fig. 2e. This enables us to efficiently implement
WSI augmentation in the training of the WSI classifier.

B. Self-Distillation Architecture

Image augmentation is the basis of our baseline DINO
[29]. We first define the image augmentations required in
traditional augmentation-encoding student branch and teacher
branch. Given an image, we obtain x̃ ∈ Rw×h×3 by pre-
augmentation, including flip, color distortion and gray scaling.
Then, we generate a set of crops V = Vg ∪ Vl for x̃, which
contains both global views Vg = {x̃g

1, x̃
g
2} and local views

Vl = {x̃l1, x̃
l
2, . . . , x̃

l
N}. Referring to the knowledge distillation

paradigm, we train a student encoder fθs to match the output
of a given teacher encoder fθt , parameterized by θs and θt,
respectively. All crops in V are fed into the student network
while only the global views are fed into the teacher network.

Both encoders output D-dimensional representations, which
are represented by sets:

Zt = {zti = fθt(x)|x ∈ Vg} (1)

Zs = {zsi = fθs(x)|x ∈ V} (2)

The resolution of the patches is 2242, which matches the
resolution of the images used in DINO [29]. Then, we follow
the standard setting of DINO for multi-crop by using 2 global
views with a resolution of 2242 covering a large area (e.g.
greater than 50%) of the patch and several local views with a
resolution of 962 covering a small area (e.g. less than 50%)
of the patch.

Then, we adapt the augmentation paradigm to self-
supervised learning. We align the probability distribution of
the student network output Ps with the probability distribution
of the teacher network output Pt, encouraging “local-to-
global” correspondences. The probability distribution over D
dimensions denoted by Ps is defined by a softmax function:

Ps(z)
(i)

=
exp (z(i)/τs)∑D

d=1 exp (z(d)/τs)
, (3)

where Ps(z)
(i) is the i-th dimension of Ps and τs > 0 is

a temperature parameter that controls the sharpness of the
probability distribution. Similar formulas hold for Pt with τt.
We minimize the objective function:

Lc =

2∑
i=1

N+2∑
j=1
j ̸=i

H(Pt(zti),Ps(zsj)), (4)

where H(a,b) = −a log b.
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C. Representation Distribution Learning

Different from DINO, we build another encoding-
augmentation student branch. The core of the encoding-
augmentation student branch is the representation distribution
learning module. For convenience, we define representations
extracted from different augmented views as real represen-
tations and those sampled from estimated distributions as
virtual representations. To achieve the goal of exchanging the
procedure of data augmentation and feature extraction, we
first estimate a representation distribution for a patch and then
sample representations from the estimated distribution for data
augmentation.

1) Distribution Estimator: Previous studies suggest that the
Gaussian prior suffices for representation augmentation by
generating up-to-date and diverse representations even when
the actual representations are not Gaussian [34]. In this work,
we built an estimator based on the Gaussian prior to generate
the patch representation distribution. Here, the estimated distri-
bution is expected to continuously adapt to the representation
change over the training procedure. Therefore, we applied
trainable neural networks to fit the Gaussian distribution. It
consists of a mean head ϕθm and a variance head ψθv , both
composed of fully connected layers. Considering the non-
negativity of the variance, we calculate its logarithm instead of
calculating it directly. The corresponding representation mean
µ ∈ RD and standard deviation σ ∈ RD of each image that
together define a Gaussian distribution N (µ,σ2), which can
be calculated by equations:

µ = ϕθm(fθs(x̃)), (5)

σ = exp (ψθv (fθs(x̃))/2) (6)

2) Representation Sampling: With the estimated distribu-
tion N (µ,σ2) for a patch, we can obtain variable representa-
tions of the patch by sampling process z̃ ∼ N (µ,σ2), which is
computationally efficient. Here, we adopt the reparameteriza-
tion trick in VAE [53] to enable backpropagation for training.
Specifically, we sample virtual representations z̃ under the
representation independence assumption:

z̃ = µ+ σ ⊙ ϵ, ϵ ∈ N (0, ID), (7)

where ID denotes D-dimensional identity matrix.
Finally, in the encoding-augmentation student branch, we

sample a set of virtual representations containing Zv =
{z̃1, z̃2, . . . , z̃K} with K denoting the number of the sampled
representations.

D. Objective and Optimization

Except for the foundational loss Lc, we encourage the
probability distribution of the virtual representations Pv to
be consistent with Pt, enabling the virtual representations
generated from the distribution estimator to cover the variants
of the real representations. Pv are obtained in a manner akin
to Ps, utilizing the temperature parameter τv .

Therefore, we modify the objective function:

LC =

2∑
i=1

(

N+2∑
j=1
j ̸=i

H(Pt(zti),Ps(zsj)) +
K∑

k=1

H(Pt(zti),Pv(z̃k))),

(8)
Moreover, we add a Kullback-Leibler (KL) divergence con-
straint to prevent overfitting of the distribution estimator,
which is represented as

LKL = DKL(N (µ,σ2),N (0, ID)), (9)

where N is the Gaussian distribution and DKL is the K-L
divergence. The final object function is composed as follows:

Ltotal = LC + βLKL, (10)

where β controls the weight of KL loss. The parameters
of the student network and the distribution estimator are
optimized by the gradient descent algorithm, and the teacher
network is updated by the exponential moving average (EMA)
mechanism:

θt ← λθt + (1− λ)θs (11)

with the update rule of λ following a cosine schedule from
0.996 to 1 during training.

E. WSI Analysis with Representation Augmentation

1) MIL Formulation: Given a WSI X ∈ RW×H×3 sized by
W × H with label Y , it consists of patches (x1, x2, . . . .xn).
Y is the bag-level label while the instance-level labels
(y1, y2, . . . .yn) are unknown. The majority of MIL can be
summarized in two components: 1) Embedding patches into
D-dimension representations Z = (z1, z2, . . . , zn) with patch-
level representation encoder fθ1 : x → RD parameterized
by θ1. 2) Integrating all patches’ representations within X
with WSI-level representation aggregator gθ2 parameterized
by θ2. A common binary MIL classification method can be
formulated as:

Ŷ = gθ2(fθ1(x1), fθ1(x2), . . . , fθ1(xn)) (12)

Y =

{
0, if

∑
yi = 0 i = 1, 2, . . . , n

1, otherwise
(13)

where Ŷ is the WSI-level prediction. This formulation enables
us to learn a WSI classifier with only WSI-level labels.

Limited by the computational cost and GPU memory, the
entire MIL framework including fθ1 and gθ2 can hardly be
trained in an end-to-end manner. Therefore, the parameters
θ1 and θ2 are usually learned separately. The parameters θ1
is typically pretrained on ImageNet or through representation
learning methods. The parameters θ2 is trained subsequent to
the encoding process, where the patches are transformed into
representations by the patch encoder using θ1.
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TABLE I
THE WSI DISTRIBUTION OF THE EXPERIMENTAL DATASETS.

USTC-EGFR Normal 19del L858R Wild Other
Train 101 69 118 85 84
Val 16 11 19 14 14
Test 48 38 47 47 43

TCGA-EGFR Wild Mutant
Train 357 65
Val 58 9
Test 175 32

TCGA-LUNG-3K Normal LUAD LUSC
Train 339 740 760
Val 56 123 126
Test 158 394 368

2) Online Representation Augmentation: Through knowl-
edge distillation in the patch-level representation learning, we
achieved the procedure exchange of data augmentation and
feature extraction. We adopt a representation augmentation
strategy named online representation sampling (ORS) for WSI
augmentation. As illustrated in Fig. 2e, patch-level represen-
tation distributions are obtained after patch encoding. During
WSI classifier training, patch representations Z within X can
be randomly replaced by virtual representations sampled from
the corresponding distributions with a probability of paug ,
which can be formulated as:

Z̃ = (z̃1, z̃2, . . . , z̃n), z̃i ∈ N (µi,σ
2
i ). (14)

Then, we feed Z̃ instead of Z into the WSI model for training,
which is represented as

Ŷ = gθ2(z̃1, z̃2, . . . , z̃n), (15)

which is considered to be equivalent as the WSI-level data
augmentation.

3) Inference: As in natural images, WSI augmentation is
only used in the training phase to improve the generalization
of the model. The augmentation-encoding student branch
and the encoding-augmentation student branch share weights
in patch-level representation learning, determining that WSI
augmentation can be skipped in the inference phase. The
original representations extracted from the patches are directly
fed into the WSI classifier to obtain the prediction:

Ŷ = gθ2(z1, z2, . . . , zn). (16)

IV. EXPERIMENTS

A. Datasets

As shown in Table I, the proposed method was evaluated on
a private dataset and two publicly available datasets, detailed
as below:

USTC-EGFR is a private H&E-stained lung adenocarci-
noma dataset that contains 754 WSIs for epidermal growth
factor receptor (EGFR) gene mutation identification. These
WSIs were captured using a Motic Easyscan Pro 6 under 20X
lenses. The resolution is 0.52 µm/pixel. The dataset categorizes
the WSIs into 5 classes, including EGFR 19del mutation
(19del), EGFR L858R mutation (L858R), none common driver

TABLE II
COMPOSITION OF DIFFERENT AUGMENTATIONS.

Pre-Augmentation
RandomHorizontalFlip
ColorJitter (0.4, 0.4, 0.2, 0.1)
RandomGrayscale

Weak Image Augmentation

RandomResizedCrop (224)
RandomHorizontalFlip
ColorJitter (0.4, 0.4, 0.2, 0.1)
GaussianBlur
Solarization

Strong Image Augmentation

RandomResizedCrop (224)
RandomResizedCrop (96)
RandomHorizontalFlip
ColorJitter (0.4, 0.4, 0.2, 0.1)
GaussianBlur
Solarization

mutations (Wild), other driver gene mutation (Other), and
cancer-free tissue (Normal).

TCGA-EGFR is a public lung adenocarcinoma dataset
for EGFR mutation classification that contains 696 WSIs
collected from the cancer genome atlas (TCGA) program of
NCI (https://portal.gdc.cancer.gov). These WSIs are catego-
rized into 2 classes, including wild type and mutant type.

TCGA-LUNG-3K is a public lung dataset that contains
3064 WSIs collected from the cancer genome atlas (TCGA)
program of NCI (https://portal.gdc.cancer.gov). These WSIs
are categorized into 3 classes, including lung adenocarcinoma
(LUAD), lung squamous cell carcinoma (LUSC), and cancer-
free tissue (Normal).

In each dataset, the WSIs were randomly split into train,
validation and test subsets following the ratio of 6:1:3 at the
patient-level. The train subset was used to train the models,
and the validation subset was used to do the early stop and
hyper-parameter tuning, and the final results were obtained
within the test subset.

B. Experimental Settings

The WSIs were divided into non-overlapping patches in
size of 224 × 224 for the representation learning and feature
extraction by window sliding that is performed on the WSIs
under 20× lenses. We followed the implementation in DINO
[29] to use ViT-S/16 [24] as the backbone. We used the class
token of ViT as the final feature embedding.

We evaluated our method under three WSI classification
frameworks, CLAM [5], TransMIL [6] and DTFD-MIL [7].
These three methods all use attention mechanism to aggregate
patch representations. CLAM focuses on several patches that
most affect the diagnosis. TransMIL takes the spatial informa-
tion of the patches within the WSI into consideration. DTFD-
MIL utilizes pseudo-bags to increase the number of WSIs.

As shown in Table II, we used different data augmentation
compositions in three different phases. Pre-augmentation does
simple spatial transformations and color perturbations on the
original image. Subsequent image augmentations add cropping
and more complex transformations. The strong image augmen-
tation contains the operations in the weak augmentation and
adds local views cropped by small size.

https://portal.gdc.cancer.gov
https://portal.gdc.cancer.gov


7

Fig. 3. Effects of the hyper-parameters on the USTC-EGFR validation subset under the CLAM framework.

TABLE III
ABLATION STUDY ON THE USTC-EGFR DATASET.

Methods CLAM [5] TransMIL [6] DTFD-MIL [7]
AUC F1-Score ACC AUC F1-Score ACC AUC F1-Score ACC

SSRDL w/o RA 79.0 43.5 45.2 75.3 41.2 44.0 75.7 40.1 42.0
SSRDL w/o KL 82.5 51.5 51.1 78.1 41.7 43.2 79.9 46.2 47.0

SSRDL 85.0 57.5 58.6 80.1 41.8 44.9 81.9 51.4 52.3
SSRDL+ORS 87.7 61.2 62.0 83.8 50.8 52.4 82.8 49.9 51.3

For the binary classification task, average accuracy, area
under the curve (AUC) and macro-average F1 score are
calculated. For the sub-typing task, average accuracy, micro-
average area under the curve, and macro-average F1 score
are calculated. In the comparison study, we evaluated the
uncertainty of the results by including the 2.5 and 97.5
percentile confidence intervals (CI), which are obtained from
1000 bootstrapping iterations.

These experiments were conducted using the original code
released by the authors of the respective methods. Specifically,
we implemented the methods ourselves for DAGAN [38] and
AugDiff [37] for the absence of the released source code. All
the methods were implemented in Python 3.8 with torch 1.8.1
and run on a computer cluster with 10 Xeon 2.66GHz CPUs
and 10 Nvidia GeForce 2080Ti GPUs.

C. Hyper-parameter Verification

We verify the main factors that decide the capacity
of the SSRDL with ORS, including 3 hyper-parameters
(τv,K, paug). The results are given in Fig. 3. The first two
results are obtained by SSRDL alone, and the last one is from
the SSRDL with ORS. Micro-AUC, F1 score and accuracy of
the validation subset are reported. The other hyper-parameters
are set fixed when one hyper-parameter is being tuned.

1) The temperature of virtual representations: We control
the sharpness of the virtual representations by tuning the soft-
max temperature parameter τv . We observe that the relatively
good performances of the sharp targets can be achieved when
the temperature is very small. The evaluation metrics decrease
when the smooth targets are applied. Based on the observation,
we set τv = 1 in the following experiments.

2) The number of sampled representations: K decides
the number of the representations sampled for representa-

tion learning. In this experiment, we tune K ∈ {1, 2, 3, 4}.
K = 0 represents the results of SSRDL without representation
augmentation. As the number of the sampled representations
increases, the performance of the SSRDL decreases. This in-
spires us that K and the quality of the learned representations
are not positively correlated. It is enough to sample just one
representation for representation learning. Therefore, we set
K = 1 in the training of the SSRDL.

3) The augmentation probability: paug determines the
probability of applying the ORS strategy on the WSI. It affects
how often the WSI augmentation is used during the training of
the WSI classifier. The results show that paug has little impact
on the Micro-AUC, but F1 score and accuracy are sensitive to
the varying of the probability. Finally, we set paug = 0.7 for
its best performance.

D. Ablation Study

The results of the ablation study are summarized in Table
III. It is observed that there is a decrease of 6.0%, 4.8%, 6.2%
in AUC; 14%, 0.6%, 11.3% in F1-Score; and 13.4%, 0.9% and
10.3% ACC under three WSI classification frameworks when
comparing SSRDL w/o RA to SSRDL. It demonstrates that
the RA module plays a crucial role in representation learning.
Considering that the representation distribution is estimated
based on a Gaussian prior, we constrain it with KL divergence.
The results of SSRDL w/o KL show that KL divergence plays
an essential role in the training of the distribution estimator.

Finally, we verify the impact of the ORS strategy on
WSI classification. We observe that ORS can improve the
performance of the WSI classifier even further building on
SSRDL. Specifically, under the CLAM framework, the Micro-
AUC increases from 85.0% to 87.7%. Under the TransMIL
framework, the improvement is from 80.1% to 83.8%, and
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TABLE IV
COMPARISONS WITH SOTA METHODS ON THE USTC-EGFR DATASET. † REPRESENTS THE RESULTS OBTAINED WITH THE ORIGINAL FEATURE

LEARNING STRATEGY.

Methods
CLAM [5] TransMIL [6] DTFD-MIL [7]

AUC F1-Score ACC AUC F1-Score ACC AUC F1-Score ACC
(2.5% CI, 97.5% CI) (2.5% CI, 97.5% CI) (2.5% CI, 97.5% CI)

ImageNet [25] 77.8 38.5 43.3 73.2 29.4 32.8 73.1 39.0 40.1
(73.2, 82.3) (29.9, 47.0) (35.0, 50.0) (68.5, 77.6) (22.0, 37.3) (25.0, 41.0) (67.6, 78.5) (30.0, 48.0) (31.3, 49.5)

SimCLR [26] 69.2 37.9 39.4 62.2 22.2 29.5 70.3 37.2 40.2
(62.6, 75.1) (28.5, 46.8) (30.0, 48.0) (56.5, 67.6) (16.8, 27.7) (23.0, 36.0) (64.0, 76.3) (28.5, 46.5) (31.3, 48.5)

BYOL [27] 61.1 24.7 29.9 54.5 20.4 25.4 61.8 28.5 33.9
(54.5, 67.6) (18.3, 31.5) (22.0, 38.0) (48.0, 61.2) (13.8, 27.1) (19.0, 33.0) (55.2, 67.9) (21.4, 36.0) (26.3, 41.4)

MoCov3 [54] 77.3 40.4 43.2 63.5 22.9 29.3 74.8 32.9 39.3
(71.5, 82.6) (31.6, 49.6) (35.0, 51.0) (58.2, 68.7) (16.5, 29.6) (23.0, 35.0) (69.0, 80.2) (25.3, 41.0) (31.3, 47.5)

DINO [29] 79.0 43.5 45.2 75.3 41.2 44.0 75.7 40.1 42.0
(74.6, 83.1) (34.1, 53.1) (36.4, 53.5) (69.4, 81.1) (32.1, 50.6) (35.4, 52.5) (70.2, 80.7) (29.8, 49.4) (32.3, 50.5)

DINO+Random Perturbation 74.9 34.9 40.7 74.0 39.0 39.7 76.1 43.4 44.9
(70.2, 80.3) (27.3, 42.2) (33.3, 48.5) (68.2, 79.8) (30.0, 47.9) (31.0, 49.0) (70.7, 81.2) (34.4, 52.5) (36.4, 53.5)

DINO+MC Sampling [12] 75.9 37.0 39.5 74.9 35.9 37.1 75.9 42.0 43.8
(70.4, 81.5) (28.2, 46.0) (30.3, 48.5) (69.6, 80.3) (27.6, 44.0) (29.0, 46.0) (70.2, 81.0) (32.8, 51.2) (35.4, 52.5)

† ReMix [13] 69.3 24.8 35.8 64.0 15.0 25.6 64.4 22.4 25.1
(SimCLR+ResNet18) (63.4, 75.4) (19.2, 31.5) (30.3, 42.4) (58.5, 69.1) (10.3, 19.5) (20.2, 31.3) (58.3, 70.6) (15.5, 30.1) (18.2, 33.3)
† RankMix [39] 64.0 26.4 30.9 62.9 18.8 32.2 64.9 26.3 33.3
(SimCLR+ResNet18) (57.7, 70.4) (19.5, 33.8) (23.2, 38.4) (57.0, 68.2) (15.3, 22.1) (26.3, 37.4) (59.5, 70.4) (19.2, 34.3) (25.3, 41.4)
† Intra-Mixup [40] 82.3 32.1 43.1 80.4 46.5 47.1 73.6 14.7 23.7
(ImageNet+ResNet18) (77.7, 86.3) (26.5, 37.7) (37.4, 49.5) (75.5, 85.3) (37.3, 55.8) (37.4, 56.6) (67.9, 78.8) (9.2, 21.1) (19.2, 28.3)
† DAGAN [38] 80.3 43.9 46.4 67.5 21.9 33.5 76.5 41.9 44.7
(ImageNet+ResNet50) (75.2, 84.8) (34.7, 52.7) (38.4, 54.6) (62.0, 72.3) (17.4, 26.8) (27.3, 39.4) (70.8, 81.9) (33.7, 51.1) (37.4, 53.5)
† AugDiff [37] 79.3 37.3 45.3 78.7 40.5 47.2 78.1 39.9 40.7
(ImageNet+ResNet18) (74.1, 83.9) (30.4, 44.7) (37.4, 52.5) (74.0, 83.2) (32.9, 48.7) (40.4, 54.6) (72.9, 82.6) (31.2, 48.8) (31.3, 49.5)

DINO+ReMix [13] 78.0 36.5 42.7 75.4 36.4 40.3 73.7 36.7 41.0
(72.7, 83.1) (28.5, 44.7) (36.0, 50.0) (70.1, 80.4) (28.1, 45.0) (32.0, 48.0) (68.3, 79.1) (28.1, 45.3) (32.3, 49.5)

DINO+RankMix [39] 73.2 29.3 31.4 75.2 35.8 41.3 72.0 33.5 38.2
(68.8, 77.7) (22.6, 36.5) (24.0, 39.0) (69.7, 80.4) (28.3, 43.2) (33.0, 49.0) (65.8, 77.8) (25.8, 41.3) (29.3, 46.5)

DINO+Intra-Mixup [40] 79.1 38.5 40.7 78.9 46.0 46.2 76.6 41.2 42.5
(74.1, 83.8) (29.4, 48.1) (32.0, 49.0) (74.2, 83.3) (36.9, 55.3) (37.4, 55.6) (71.1, 81.8) (32.3, 50.4) (33.3, 51.5)

DINO+DAGAN [38] 78.8 34.9 45.8 78.8 42.3 44.1 76.5 37.1 38.6
(73.7, 83.6) (29.3, 39.9) (39.4, 51.5) (73.9, 83.2) (33.5, 50.9) (36.0, 53.0) (71.2, 81.6) (28.5, 45.9) (30.3, 47.5)

DINO+AugDiff [37] 81.7 48.8 52.3 77.1 35.2 39.8 75.5 42.5 43.8
(76.8, 86.4) (39.3, 58.2) (43.4, 60.6) (71.5, 82.3) (27.4, 43.7) (32.3, 47.5) (69.6, 80.8) (33.7, 51.2) (35.4, 52.5)

SSRDL 85.0 57.5 58.6 80.1 41.8 44.9 81.9 51.4 52.3
(80.0, 89.3) (47.8, 67.1) (49.0, 68.0) (75.6, 84.6) (33.0, 50.8) (37.0, 53.0) (77.0, 86.6) (42.0, 61.1) (42.4, 61.6)

SSRDL+ORS 87.7 61.2 62.0 83.8 50.8 52.4 82.8 49.9 51.3
(83.5, 91.5) (52.0, 70.2) (53.0, 71.0) (80.0, 87.8) (42.5, 59.5) (44.0, 61.0) (78.3, 87.1) (40.2, 59.7) (41.4, 60.6)

under the DTFD-MIL framework, the Micro-AUC rises from
81.9% to 82.8%. This suggests that the representations gen-
erated by ORS contain useful semantic information and are
effective to the model.

E. Comparison with Other Methods

We compared our method with 5 different WSI representing
strategies, including ImageNet [25], SimCLR [26], BYOL
[27], MoCov3 [54] and DINO [29]. The first three use
ResNet50 [23] as the backbone, while the others utilize ViT-S
[24]. Moreover, we compared our method with 7 WSI data
augmentation frameworks, including Random Perturbation,
Monte Carlo Sampling [12], ReMix [13], RankMix [39],
Intra-Mixup [40], DAGAN [38], AugDiff [37]. The compared
methods were also evaluated using the representations ob-
tained by DINO, following the same experimental setup as
our framework, to mitigate any potential impact caused by
different feature learning strategies.

Overall, our method achieves the best performance on the
USTC-EGFR dataset, TCGA-EGFR dataset and TCGA-
LUNG-3K dataset under CLAM [5], TransMIL [6] and
DTFD-MIL [7] frameworks.

1) Compare with representation learning methods: Ima-
geNet [25] denotes extracting the patch representations us-
ing the ResNet50 pre-trained on the ImageNet dataset. The
experimental results show that it sometimes performs better
than self-supervised methods, which demonstrates that the
representations extracted using this strategy can also achieve
better results in the case of an insufficient amount of WSIs.
SimCLR [26] is the contrastive learning framework widely
applied in feature extraction. The results on the TCGA-
EGFR dataset show that it achieves 11.7%, 2.1%, 4.9% AUC
better than ImageNet under three MIL frameworks due to
the semantic gap between natural and pathological images.
However, on the USTC-EGFR dataset and TCGA-LUNG-3K,
SimCLR and BYOL perform worse than ImageNet, indicating
that self-supervised learning may not yield good performance



9

TABLE V
COMPARISONS WITH SOTA METHODS ON THE TCGA-EGFR DATASET. † REPRESENTS THE RESULTS OBTAINED WITH THE ORIGINAL FEATURE

LEARNING STRATEGY.

Methods
CLAM [5] TransMIL [6] DTFD-MIL [7]

AUC F1-Score ACC AUC F1-Score ACC AUC F1-Score ACC
(2.5% CI, 97.5% CI) (2.5% CI, 97.5% CI) (2.5% CI, 97.5% CI)

ImageNet [25] 64.1 61.3 77.1 65.2 54.5 75.6 73.3 61.7 75.3
(36.4, 87.9) (42.6, 77.1) (64.1, 87.2) (41.4, 85.9) (40.0, 73.5) (64.1, 87.2) (57.6, 86.4) (50.5, 72.9) (66.7, 83.8)

SimCLR [26] 75.8 61.3 73.7 67.3 59.7 70.3 78.2 60.2 75.8
(55.0, 91.9) (45.8, 76.9) (59.0, 87.2) (42.4, 89.4) (43.0, 73.9) (53.9, 84.6) (65.4, 88.5) (49.7, 71.6) (67.7, 83.8)

BYOL [27] 61.0 50.9 78.2 63.6 55.7 69.9 58.7 55.4 76.9
(38.9, 82.8) (40.9, 70.5) (69.2, 87.2) (40.4, 84.9) (39.5, 73.7) (56.4, 84.6) (43.5, 75.1) (44.1, 67.5) (69.7, 83.8)

MoCov3 [54] 48.4 45.8 68.2 58.6 48.9 70.4 63.0 55.5 79.0
(25.3, 73.2) (36.1, 60.6) (53.9, 79.5) (34.8, 80.8) (37.1, 67.7) (56.4, 82.1) (49.4, 76.2) (45.0, 67.5) (71.7, 84.9)

DINO [29] 62.9 54.1 75.3 60.9 50.8 84.6 59.2 52.0 75.8
(37.9, 85.4) (40.0, 71.1) (61.5, 87.2) (35.9, 83.4) (44.3, 72.1) (79.5, 89.7) (42.9, 75.0) (42.1, 63.6) (68.7, 82.8)

DINO+Random Perturbation 61.7 53.2 64.5 63.2 57.4 71.2 67.1 53.7 60.8
(38.9, 84.3) (38.1, 70.7) (48.7, 79.5) (35.3, 84.9) (40.9, 73.7) (56.4, 84.6) (52.9, 80.2) (44.7, 62.6) (51.5, 69.7)

DINO+MC Sampling [12] 70.4 59.8 77.5 67.3 60.3 76.8 68.7 57.3 81.2
(48.5, 89.4) (41.8, 77.1) (66.7, 87.2) (42.4, 88.9) (41.8, 79.4) (64.1, 87.2) (52.9, 82.3) (46.4, 70.3) (74.8, 86.9)

† ReMix [13] 66.9 58.4 75.8 53.5 45.8 84.6 62.2 52.7 61.7
(SimCLR+ResNet18) (46.0, 85.9) (40.9, 76.9) (64.1, 87.2) (29.3, 78.3) (45.8, 45.8) (84.6, 84.6) (49.1, 74.5) (43.3, 61.8) (51.5, 70.7)
† RankMix [39] 63.5 45.4 83.1 65.2 44.7 80.8 63.3 45.8 84.6
(SimCLR+ResNet18) (41.4, 83.3) (44.3, 45.8) (79.5, 84.6) (39.9, 85.9) (42.7, 45.8) (74.4, 84.6) (48.7, 78.6) (45.8, 45.8) (84.6, 84.6)
† Intra-Mixup [40] 69.3 44.9 47.9 74.1 63.1 76.4 67.9 52.4 78.4
(ImageNet+ResNet18) (45.5, 89.9) (30.8, 57.9) (33.3, 64.1) (52.0, 91.4) (47.7, 79.4) (64.1, 87.2) (53.4, 80.6) (42.4, 64.6) (71.7, 83.8)
† DAGAN [38] 64.7 59.5 74.2 65.9 57.1 83.1 78.0 57.0 63.9
(ImageNet+ResNet50) (36.4, 87.9) (42.6, 76.9) (61.5, 87.2) (38.4, 88.4) (42.7, 80.3) (74.4, 89.7) (63.7, 89.4) (48.5, 65.1) (54.6, 72.7)
† AugDiff [37] 79.0 65.1 76.2 70.7 65.4 80.8 64.6 50.8 83.9
(ImageNet+ResNet18) (58.1, 96.0) (49.4, 81.2) (61.5, 89.7) (44.4, 93.4) (45.0, 84.1) (69.2, 92.3) (49.3, 80.5) (44.7, 62.2) (80.8, 86.9)

DINO+ReMix [13] 71.5 47.1 81.6 61.7 45.8 84.6 58.5 50.5 75.2
(48.5, 89.9) (42.7, 60.8) (74.4, 87.2) (38.9, 81.3) (45.8, 45.8) (84.6, 84.6) (43.1, 72.7) (41.8, 60.9) (68.7, 81.8)

DINO+RankMix [39] 71.4 58.4 82.5 70.9 50.3 84.1 63.7 45.8 84.6
(49.5, 91.4) (42.7, 80.3) (74.4, 89.7) (46.5, 92.9) (44.3, 72.1) (79.5, 89.7) (48.9, 78.4) (45.8, 45.8) (84.6, 84.6)

DINO+Intra-Mixup [40] 74.1 57.8 81.7 63.4 57.9 81.7 69.4 59.0 74.4
(48.0, 92.9) (42.7, 77.1) (71.8, 89.7) (36.4, 86.4) (42.7, 80.3) (71.8, 89.7) (53.5, 84.1) (48.9, 69.8) (66.7, 81.8)

DINO+DAGAN [38] 72.8 59.9 70.1 64.1 55.4 67.6 61.6 55.6 75.8
(49.5, 91.9) (44.6, 75.7) (56.4, 84.6) (40.4, 84.9) (39.8, 71.1) (53.9, 82.1) (43.6, 77.6) (44.5, 67.4) (68.7, 83.8)

DINO+AugDiff [37] 67.6 60.6 77.3 67.8 54.5 78.8 73.4 61.8 80.8
(43.4, 90.4) (42.7, 80.3) (64.1, 89.7) (43.9, 88.4) (40.9, 73.9) (69.2, 87.2) (59.6, 86.2) (49.5, 73.9) (73.7, 86.9)

SSRDL 78.5 64.4 83.6 77.9 63.6 85.5 79.2 65.5 78.7
(56.6, 95.0) (43.5, 84.1) (74.4, 92.3) (57.6, 95.5) (44.3, 84.1) (76.9, 92.3) (67.5, 89.8) (54.6, 76.4) (70.7, 85.9)

SSRDL+ORS 83.1 69.9 82.7 79.7 69.7 85.7 85.3 72.5 85.0
(62.6, 97.0) (50.8, 87.6) (69.2, 92.3) (57.1, 96.5) (50.8, 88.5) (76.9, 94.9) (73.6, 93.8) (60.1, 83.6) (77.8, 91.9)

when data is scarce and the data augmentation strategies
employed in these frameworks are limited. MoCov3 [54]
and DINO [29] take the ViT as the backbone, making them
perform better than SimCLR [26] and BYOL [27] on the
USTC-EGFR and TCGA-LUNG-3K datasets. However, the
performances of MoCov3 and DINO on the TCGA-EGFR
dataset have gaps to the top-tier results, which could be caused
by data imbalance. This indicates that ViT-based models may
require more balanced data distributions or enhanced training
strategies to effectively handle dataset characteristics. DINO,
which adopts a multi-crop augmentation strategy, performs
better compared to other representation learning methods on
the USTC-EGFR and TCGA-LUNG-3K datasets. This sug-
gests that the importance of data augmentations in generating
discriminative representations for WSI classification.

In comparison, the proposed SSRDL additionally takes
representation augmentation into the process of self-supervised
learning, which improves the performance by increasing the
diversity of representations. Compared with our baseline

model DINO, SSRDL achieves increase in AUC of 6.0%,
15.6%, 1.0% under the CLAM [5] framework, 4.8%, 17.0%,
1.9% under the TransMIL [6] framework and 6.2%, 20.0%,
2.2% under the DTFD-MIL [7] framework on the three
datasets, respectively. Meanwhile, the distribution estimator
trained in representation learning can be utilized in the down-
stream task.

2) Compare with data augmentation methods: To carry
out the WSI augmentation in feature space, we first explore
whether random perturbation on representations can get an
improvement. Random perturbation involves the addition of
random Gaussian Noise to the patch representations. The
results show that it often leads to performance degradation
rather than improvement. Moreover, we utilize Monte Carlo
Sampling [12] by randomly discarding some patches within
a WSI. The performance on the TCGA-EGFR dataset is
increased in AUC by 7.5%, 6.4%, 9.5%, which indicates that
it works in some cases. However, this strategy has a high risk
of losing important information for classification, thus leading
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TABLE VI
COMPARISONS WITH SOTA METHODS ON THE TCGA-LUNG-3K DATASET. † REPRESENTS THE RESULTS OBTAINED WITH THE ORIGINAL FEATURE

LEARNING STRATEGY.

Methods
CLAM [5] TransMIL [6] DTFD-MIL [7]

AUC F1-Score ACC AUC F1-Score ACC AUC F1-Score ACC
(2.5% CI, 97.5% CI) (2.5% CI, 97.5% CI) (2.5% CI, 97.5% CI)

ImageNet [25] 94.6 84.2 82.7 92.0 80.4 78.3 93.7 83.2 81.3
(91.1, 97.6) (76.7, 90.7) (74.8, 89.9) (87.5, 96.3) (72.6, 88.1) (69.7, 85.9) (89.9, 97.2) (75.5, 89.6) (72.7, 88.9)

SimCLR [26] 93.5 80.2 78.7 91.8 81.2 79.1 92.8 82.3 80.8
(89.9, 96.6) (72.3, 87.5) (70.7, 86.9) (87.2, 95.9) (73.2, 88.5) (70.7, 86.9) (88.5, 96.5) (74.7, 89.4) (72.7, 88.9)

BYOL [27] 92.6 78.5 77.0 89.6 75.9 74.6 91.0 77.9 76.3
(88.6, 96.2) (70.4, 86.0) (68.7, 84.9) (84.8, 94.1) (67.5, 83.6) (65.7, 82.8) (86.1, 95.4) (69.3, 86.1) (67.7, 84.9)

MoCov3 [54] 94.0 82.6 81.5 93.2 79.7 77.8 93.9 82.6 81.0
(90.3, 97.1) (75.0, 89.5) (73.7, 88.9) (89.0, 96.6) (72.4, 87.0) (69.7, 85.9) (90.1, 97.1) (74.9, 89.4) (72.7, 88.9)

DINO [29] 96.6 87.1 85.7 94.8 85.5 83.6 95.7 87.9 86.2
(93.6, 98.9) (80.3, 93.4) (78.8, 91.9) (91.0, 97.9) (79.1, 91.2) (76.8, 89.9) (92.6, 98.4) (81.5, 93.7) (78.8, 92.9)

DINO+Random Perturbation 96.4 86.8 85.3 95.0 84.9 83.2 96.1 87.0 85.2
(93.3, 98.7) (80.1, 92.9) (78.8, 91.9) (91.5, 97.7) (78.2, 91.3) (75.8, 89.9) (92.8, 98.8) (80.3, 92.9) (77.8, 91.9)

DINO+MC Sampling [12] 96.1 87.3 85.7 95.2 84.1 83.1 96.4 87.9 86.6
(93.0, 98.5) (80.7, 92.9) (78.8, 91.9) (91.5, 98.1) (77.2, 90.7) (75.8, 89.9) (93.2, 98.8) (81.4, 93.7) (79.8, 92.9)

† ReMix [13] 91.0 79.0 77.2 90.1 78.2 76.4 91.1 80.0 77.6
(SimCLR+ResNet18) (86.3, 94.9) (71.0, 86.5) (68.7, 84.9) (67.4, 78.8) (38.8, 56.2) (39.4, 55.6) (86.5, 95.2) (72.2, 87.0) (69.7, 84.9)
† RankMix [39] 91.8 80.0 78.3 91.5 79.3 77.9 92.0 80.1 78.6
(SimCLR+ResNet18) (87.6, 95.7) (71.9, 87.7) (69.7, 86.9) (86.7, 95.4) (71.3, 87.3) (69.7, 85.9) (87.8, 95.8) (72.2, 86.9) (70.7, 85.9)
† Intra-Mixup [40] 93.4 83.3 81.9 92.9 80.7 79.0 94.3 81.8 80.9
(ImageNet+ResNet18) (89.4, 96.9) (75.9, 90.1) (73.7, 88.9) (88.7, 96.5) (73.1, 87.6) (71.7, 85.9) (90.6, 97.2) (74.3, 89.0) (72.7, 87.9)
† DAGAN [38] 92.7 75.9 75.2 91.8 80.2 78.9 93.4 82.4 80.6
(ImageNet+ResNet50) (88.5, 96.2) (68.3, 83.9) (67.7, 82.8) (87.3, 96.0) (72.0, 88.0) (70.7, 86.9) (89.4, 96.9) (74.3, 89.6) (72.7, 87.9)
† AugDiff [37] 92.2 78.0 77.0 91.3 78.7 76.8 92.1 79.9 78.8
(ImageNet+ResNet18) (88.0, 96.0) (70.5, 85.5) (69.7, 84.9) (86.5, 95.4) (70.4, 86.5) (68.7, 84.9) (87.7, 95.8) (71.7, 87.4) (70.7, 86.9)

DINO+ReMix [13] 95.4 83.8 82.7 93.7 83.0 81.4 96.1 84.0 81.4
(92.2, 98.0) (76.6, 90.4) (75.8, 89.9) (89.7, 97.1) (75.7, 89.6) (74.7, 87.9) (93.0, 98.5) (76.9, 90.2) (73.7, 87.9)

DINO+RankMix [39] 94.0 81.5 79.4 93.4 75.3 73.1 94.2 75.9 73.8
(90.4, 97.0) (74.4, 87.7) (71.7, 85.9) (89.8, 96.6) (67.9, 82.3) (65.7, 79.8) (91.1, 97.0) (68.2, 82.8) (66.7, 80.8)

DINO+Intra-Mixup [40] 94.7 81.1 80.7 96.0 87.8 86.2 96.6 88.8 87.0
(91.4, 97.5) (73.7, 88.6) (73.7, 88.9) (93.1, 98.5) (81.3, 93.5) (78.8, 92.9) (93.6, 98.8) (82.6, 94.3) (79.8, 92.9)

DINO+DAGAN [38] 95.1 84.0 83.3 94.7 85.4 83.6 95.6 86.3 84.6
(91.9, 97.8) (76.8, 90.8) (75.8, 90.9) (91.1, 97.8) (78.3, 91.9) (75.8, 90.9) (92.3, 98.3) (79.7, 92.7) (77.8, 91.9)

DINO+AugDiff [37] 95.9 86.4 85.1 94.5 84.2 82.7 95.8 87.4 85.8
(92.8, 98.4) (79.5, 92.4) (77.8, 91.9) (91.1, 97.5) (77.2, 90.5) (75.8, 89.9) (92.6, 98.5) (80.9, 93.5) (78.8, 92.9)

SSRDL 97.6 90.5 89.4 96.7 89.2 87.8 97.9 91.5 90.4
(94.9, 99.3) (84.5, 95.9) (82.8, 95.0) (94.0, 99.0) (83.0, 94.9) (80.8, 93.9) (95.7, 99.4) (86.1, 96.8) (84.9, 96.0)

SSRDL+ORS 97.6 90.4 89.2 97.2 90.4 89.3 98.1 91.6 90.3
(95.2, 99.3) (84.4, 95.4) (82.8, 95.0) (94.6, 99.2) (84.6, 95.4) (82.8, 95.0) (95.8, 99.6) (86.1, 96.7) (83.8, 96.0)

to degradation of performance on the USTC-EGFR dataset.
The results of these two strategies show that the impact of
purposeless perturbation on the patch representations or the
patch bag is unstable.

The methods based on Mixup produce different represen-
tations by mixing in several levels. ReMix [13] proposes to
mix the prototypes within the same class obtained by K-
means. The performance in AUC on the TCGA-EGFR dataset
is increased by 8.6% under the CLAM framework. The results
on the USTC-EGFR dataset show that this clustering based
method may lead to a decline in performance due to the
loss of local semantic information. RankMix [39] mixes both
image and label with different WSIs. While this approach has
led to improved performances on the TCGA-EGFR dataset, it
has resulted in decreased performances on the USTC-EGFR
and TCGA-LUNG-3K datasets. This may result from the
disadvantage of Mixup that it cannot guarantee the semantic
information after mixing. Intra-Mixup [40] limits mixing to a
single WSI, making the mixed samples more reliable. It im-

proves the performance in AUC on the TCGA-EGFR dataset
by 11.2%, 2.5%, 10.2% under three different frameworks
compared to DINO. But it can also result in the destruction of
the original semantic information, thus leading to the decline
on the USTC-EGFR dataset under the CLAM framework. All
three methods have certain degrees of performance degrada-
tion on the TCGA-LUNG-3K dataset. These results indicate
that Mixup-based methods cannot guarantee the individual
semantic information after mixing and introduce noisy samples
to training, thus leading to the performance decline. DAGAN
[38] additionally builds a GAN [55] model for generating
new representations with another training process. It improves
performance in AUC by 9.9%, 3.2%, 2.4% on the TCGA-
EGFR dataset. However, the generative model is trained after
representation learning so that the performance is limited
by the quality of the representations. The performance in
F1-Score on the TCGA-LUNG-3K dataset is decreased by
3.1%, 0.1%, 1.6% under three different frameworks. Moreover,
DAGAN introduces extra computation costs in both training
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Fig. 4. Visualization of t-sne, where the hollow circles represent the virtual
representations obtained by the proposed representation augmentation (RA)
branch while the solid circles represent the real representations from the
image augmentation (IA) branch, (a) displays patch representations from
different categories of WSIs, (b) shows representations for neighbouring
patches extracted from one WSI. The term ”vertically” refers to patches that
are adjacent in the vertical direction, while ”horizontally” refers to patches
that are adjacent in the horizontal direction.

and inference phases. AugDiff [37] utilizes a diffusion model
to generate new representations. It achieves improvements
with 2.7% increase in AUC, 5.3% in F1-Score, and 7.1%
in ACC compared to the baseline DINO under the CLAM
benchmark on the USTC-EGFR dataset. However, the use of
a diffusion model increases both GPU memory consumption
and the computational time required.

Our proposed SSRDL with ORS samples representations
from the distributions estimated for the patches, which
achieves reliable data augmentation in WSI classification and
meanwhile ensures efficiency. This can also be viewed as a
reasonable perturbation to representations, breaking the invari-
ance of representations during training. The noise generated
during sampling is much less than Mixup. Moreover, the
distribution estimator is concurrently trained with represen-
tation learning, avoiding additional training overhead and
continuously adapting to the representation change over the
training procedure. With ORS, the performances on three
datasets are increased in AUC of 6.0%, 9.0%, 1.7% under the
CLAM [5] framework, 4.9%, 8.8%, 1.2% under the TransMIL
[6] framework, 6.2%, 11.9%, 1.5% under the DTFD-MIL
[7] framework compared to the second-best augmentation
methods.

F. Integration with WSI-level Pretraining

WSI-level pretraining methods can be viewed as down-
stream tasks of the proposed method. We recognize the
potential to enhance WSI classification through integrating
WSI-level pretraining with our method. We have evaluated the
effectiveness of our method to PAMA [49]. As shown in Table
VII, these experiments were carried out using two different
training strategies. The first strategy, linear probing, involves
freezing the encoder while only training the classifier. This
approach resulted in improvements in AUC across all three
datasets, with increases of 1.2%, 9.1%, and 9.1%. The second
strategy, fine-tuning, involves training all network parameters
including the WSI encoder and the classifier, which also led
to improvements in AUC of 5.3%, 12.2%, and 1.4%

The results demonstrate that integrating PAMA with
our proposed method enhances performance across various
datasets. This success supports the effectiveness of combin-
ing hierarchical pretraining with our advanced representation
distribution learning framework.

G. Visualization

The dependability of the sampled representations is worth
paying attention to. We conduct visualization experiments on
the patches from the USTC-EGFR dataset. Fig. 4 and Fig.
5 show the t-sne [56] visualization of the representations
extracted from the patches.

From Fig. 4a, we observe that the virtual representations
have a wider range than the real representations but are still
linearly separable. This provides a basis for the improvement
of representation quality and classification performance. The
representations shown in Fig. 4b are from the patches within
one WSI. Two horizontally adjacent patches and two verti-
cally adjacent patches are picked, respectively. We find that
the neighboring patches are similar in both virtual and real
representations, indicating that the representations obtained by
ORS can maintain the original semantic relationship.

Fig. 5 shows more representations from different patches.
It shows that when patches have minimal background areas,
such as Patch-2, or when image augmentations are weak,
as observed with Patch-8, the representations of different
augmented views often gather together, leading to a lack of
diversity among the augmented patch representations. Con-
versely, the representations sampled from distributions vary
widely but remain close to the original patch representations.
It demonstrates that the representations generated by ORS can
cover the range of the representations extracted from image
augmentations. This decides the sampled representations for
MIL model training are diverse while reliable.

V. DISCUSSION

In the field of natural images, data augmentation typically
occurs before feature extraction, allowing for a diverse range
of transformations directly on the raw images. However, the
situation is different for WSIs due to their gigapixel properties.
WSIs are generally divided into smaller patches, from which
representations are extracted prior to the training of WSI-
level models. This preprocessing requirement means that once
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Fig. 5. Visualization of t-sne, where the ones with black outlines are original patch representations, the hollow ones are the virtual representations obtained
by the proposed representation augmentation (RA) branch, and the solid ones are the real representations from the image augmentation (IA) branch.

TABLE VII
COMPARISONS UNDER THE PAMA FRAMEWORK.

Methods Training Strategy USTC-EGFR TCGA-EGFR TCGA-LUNG-3K
AUC F1-Score ACC AUC F1-Score ACC AUC F1-Score ACC

DINO+PAMA linear probing 67.1 30.1 34.5 52.8 47.9 58.5 82.8 57.2 57.3
SSRDL+ORS+PAMA 68.3 31.8 35.9 61.9 54.8 70.5 91.9 80.1 78.9

DINO+PAMA fine-tuning 79.8 45.0 46.2 70.7 58.0 70.0 96.6 89.1 87.8
SSRDL+ORS+PAMA 85.1 53.1 54.3 82.9 68.1 85.5 98.0 91.4 90.3

the patch representations are extracted from a WSI, they are
fixed. As a result, common image augmentation methods that
modify pixel values or apply transformations like rotation
and scaling cannot be directly applied to these pre-extracted
patch representations. The corresponding solution to this issue
is to randomly perturbate the feature values. However, our
experiments have shown that this method often leads to a
decrease in performance rather than an improvement.

In our proposed method, feature extraction and augmen-
tation are performed simultaneously. The proposed method
encodes the patches into representation distributions, which
integrates feature extraction with data augmentation. These
augmentations are then utilized during the training of the WSI
model, which takes place after feature extraction.

Regarding the calculation of Pv , it is the result of applying
the softmax function to the virtual representations z̃k. This
function maps the Gaussian distribution of z̃k onto a different
space where the outputs are probabilities that sum to one. Due
to this transformation, Pv does not maintain the Gaussian dis-
tribution properties of z̃k. Consequently, Pv is not calculated
directly from µ and σ.

The proposed SSRDL framework has a computational com-
plexity of 42.02 GFLOPs, which is only marginally (8%)
higher than the 38.78 GFLOPs of the standard DINO frame-
work. Meanwhile, our augmentation method ORS is non-
parameterized, thus its computational cost during the training
of WSI classifier is negligible. This demonstrates that the
enhancements introduced by SSRDL and ORS offer significant
benefits without substantially increasing the computational
burden.

In our view, a primary limitation of the proposed method is
the lack of control over representation augmentation, which
complicates its ability to perform as straightforwardly and
controllably as traditional image augmentations. This issue
is a common challenge faced by all methods of data aug-
mentation for WSIs. Looking forward, we plan to explore
potential solutions to enhance the control and applicability of
representation augmentation. Despite these challenges, a key
strength of our method, when compared to other WSI data
augmentation methods, is its higher efficiency and superior
performance.

As illustrated in Table VII, integrating WSI-level pretrain-
ing with our SSRDL framework and ORS strategy can be
a promising direction to enhance the performance of WSI
classification. This suggests that our method can effectively
complement hierarchical pretraining approaches, such as WSI-
level pretraining [49] and language-image representation learn-
ing [57]. Building on this, we can develop a multi-stage pan-
cancer pathology foundation model utilizing a large medical
dataset. This foundation model could enable the model to
effectively extend its capabilities to more complex downstream
tasks, such as survival prediction and gene mutation prediction.

VI. CONCLUSION

In this paper, we proposed a novel self-supervised represen-
tation distribution learning (SSRDL) framework with an online
representation sampling (ORS) strategy for efficient data aug-
mentation in histopathology WSI classification. Specifically,
we built a distribution estimator into the DINO structure
to produce representation augmentation, which has proven
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effective to improving the quality of the representations in
the self-supervised learning. Additionally, we designed an
ORS strategy based on the distribution estimator for the WSI
augmentation that can efficiently provide data augmentation
for WSI-level model training. Through the visualization, we
found that the representations from our representation aug-
mentation module vary more widely than those with image
augmentations. This demonstrates that representation augmen-
tation has a stronger effect on image representations than the
compositions of image augmentations, which is beneficial for
patch representation learning and WSI analysis.
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