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A B S T R A C T

The value of coarsely labeled datasets in learning transferable representations for medical images is investigated
in this work. Compared to fine labels which require meticulous effort to annotate, coarse labels can be acquired
at a significantly lower cost and can provide useful training signals for data-hungry deep neural networks. We
consider coarse labels in the form of binary labels differentiating a normal (healthy) image from an abnormal
(diseased) image and propose CAMContrast, a two-stage representation learning framework for medical images.
Using class activation maps, CAMContrast makes use of the binary labels to generate heatmaps as positive
views for contrastive representation learning. Specifically, the learning objective is optimized to maximize the
agreement within fixed crops of image-heatmap pair to learn fine-grained representations that are generalizable
to different downstream tasks. We empirically validate the transfer learning performance of CAMContrast on
several public datasets, covering classification and segmentation tasks on fundus photographs and chest X-ray
images. The experimental results showed that our method outperforms other self-supervised and supervised
pretrain methods in terms of data efficiency and downstream performance.
1. Introduction

Transfer learning via the pretraining and fine-tuning paradigm is
one of the most popular approaches in training deep neural networks
for medical imaging tasks. In a typical transfer learning setup, a neu-
ral network is first initialized with weights pretrained on a large
generic dataset before fine-tuning on downstream tasks with smaller
datasets. Beyond the natural image domain, ResNet [1] models trained
on the ImageNet dataset [2] in a fully supervised manner have been
widely adopted as pretrained weights for a diverse range of medical
imaging tasks, such as diabetic retinopathy grading [3] and thorax
diseases classification [4]. Compared to random initialization, these
pretrained weights can often improve convergence speed and reduce
the number of manual annotations required in downstream tasks; the
latter advantage is especially important for the medical imaging do-
main, as annotations are prohibitively expensive to acquire due to the
requirement of domain-specific knowledge.

Apart from fully supervised pretraining, there is a recent push
for self-supervised pretraining methods which seeks to extract gener-
alizable representations without requiring human-annotated samples.
The appeal of learning from potentially unlimited annotation-free data
has attracted a lot of interest from both natural and medical imag-
ing community. Notable methods include image restoration [5–9],
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rotation angle prediction [10,11], contrastive learning [12–14], and
other consistency-based methods [15–17]. SimCLR [12] popularizes the
contrastive learning objective for self-supervised pretraining on image
data. In medical imaging, restorative methods are among the most
popular approaches for self-supervised learning, and were shown to be
complementary to discriminative and adversarial learning [6].

In scenarios where coarsely-annotated data are available, the anno-
tations could be further exploited to guide the representation learning
process to produce pretrained weights that can be transferred to down-
stream tasks with limited fine-grained annotations. In this work, a
two-stage coarse-to-fine representation learning framework for medi-
cal imaging tasks is investigated. Specifically, the proposed learning
framework utilizes coarse labels in the form of image-level annota-
tions distinguishing between normal (health) and abnormal (diseased)
images. Compared to fine-grained labels such as specific type or sever-
ity of diseases or pixel-wise delineations of diseased regions, coarse
labels require significantly less effort to acquire, and could also be
automatically mined from radiological reports [4]. Intuitively, coarse
labels can provide training signals to enforce certain structures in
the representation space (e.g., one that linearly separates normal and
abnormal images) that is beneficial for the downstream tasks. Thus,
when transferred to downstream tasks, neural networks pretrained
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Fig. 1. Overview of the proposed CAMContrast framework. In stage 1, a classifier is trained on the coarse-grained abnormality labels and CAM is used to extract the spatial
information of the abnormal regions. The trained classifier is then frozen and used as heatmap generator in the next stage. In stage 2, an image encoder (𝑓𝐼 ) is trained to maximize
the agreement within image-heatmap pairs in the representation space. After pretraining, 𝑓𝐼 is used to initialize the encoder for downstream tasks.
with coarse labels should outperform their self-supervised counter-
parts [18,19]. Although supervised contrastive objective was shown
to be effective in datasets like ImageNet with 1000 classes, it might
perform poorly when applied to coarse datasets with only two classes
(normal vs. abnormal). Supervised contrastive objective treats different
images with the same coarse labels as positive pairs and will try to
pull their representations close to each other during pretraining. This
causes the network to be invariant towards fine-grained details that are
required to distinguish between different types of diseases and lesions.
The issue is further exacerbated by the commonly used random crop
augmentation strategy, where some of the crops are not in agreement
with their image-level labels. For example, crops sampled from images
labeled as abnormal might not contain any abnormal regions. This will
result in a substantial amount of false positive pairs that are detrimental
to representation learning.

To preserve fine-grained details while learning from coarse la-
bels, a novel representation learning framework called CAMContrast
is proposed in this work. As shown in Fig. 1, CAMContrast consists
of two training stages. In stage one, a convolutional neural network
(CNN) is trained to classify normal and abnormal images. The trained
CNN is then repurposed as a view generator for stage two, in which
grayscale heatmaps are derived from class activation maps (CAM) [20].
These heatmaps (with values ranging from 0 to 1) provide spatial
information of how much a subregion contributes to the discrimina-
tion of the abnormal class, and thus can serve as fine-grained views
for representation learning. By keeping the view generator fixed and
training a new network via contrastive learning within image-heatmap
pairs, the issues encountered in coarse-grained supervised contrastive
learning (i.e., loss of fine-grained details and false positive pairs) are
circumvented. Stage two is where the actual representation learning
takes place: a new network is trained to maximize the agreement
between an augmented view of an image crop and the corresponding
heatmap via supervised contrastive learning. This is in marked contrast
to the typical contrastive learning setup [12,21], which maximizes
agreement between two augmented views of the same image. In addi-
tion, a fixed crop training strategy is introduced to exploit inter-image
similarities of subregions from the same relative position. The efficacy
of CAMContrast is demonstrated in a series of transfer learning ex-
periments on multiple datasets of fundus photographs and chest X-ray
images. The experimental results show that our proposed framework
learns generalizable representations from coarse-grained datasets and
improves performance in a wide range of downstream tasks. We release
the source codes and pretrained models at https://github.com/BPYap/
CAMContrast.
2

The main contributions of this work include:

1. Introduction of a two-stage framework for learning fine-grained
representation from coarse labels.

2. Formulation of fixed crop contrastive learning objective using
image-heatmap as positive training pairs.

3. Extensive empirical studies on fundus and chest X-ray datasets
to verify the effectiveness of CAMContrast.

2. Related work

2.1. Weakly supervised learning

Weakly supervised learning alleviates the cost of acquiring precise
annotations by incorporating weaker annotations into the learning rou-
tine. Precise annotations such as object masks require tremendous effort
to collect [22] as each pixel needs to be individually classified. Conse-
quently, previous works have explored ways to utilize weaker annota-
tions as additional supervision for segmentation tasks. The most popu-
lar approach involves creating pseudo masks from bounding boxes [23,
24] or image-level labels [25–27]. When multiple types of labels exist,
deep supervision [28] together with mean-teacher [29] were shown
to be able to significantly cut down the requirement for precise la-
bels [30]. Outside of segmentation tasks, weak annotations in the form
of hash tags [31], hierarchical labels [32] and attribute labels [19]
have also been used to improve performance on downstream classi-
fication tasks with fine-grained labels. When evaluating downstream
performance using weights pretrained on weak labels, many recent
approaches have only considered the dataset-specific case, in which the
downstream tasks share the same training data as the pretrain task.
In this work, we explore whether abnormality labels can be used to
learn generic representations for medical imaging tasks, and consider
a more comprehensive transfer learning setup where the downstream
tasks may have different distribution compared to the pretraining data.

2.2. Contrastive learning

Recent advances in visual representation learning methods are
largely based on the idea of contrastive learning [33,34], which seeks
to minimize the distance between two semantically similar images
(positive pairs) in a shared projection space while maximizing distances
for semantically different images (negative pairs). In self-supervised
learning where labels are not available, the positive pairs usually con-
sist of different augmented views of the same image and the learning
objective is to discriminate each image (instance) from other training
images [12,13]. If label information is available, the positive pairs
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can be defined as instances that shared the same labels. Some exam-
ples of label information used in contrastive learning include object
category [21], image metadata [14,35,36] and image caption [37].
Closely related to our work are multi-modal self-supervised learning for
fundus photographs [38] and lesion-based contrastive learning [18].
The former synthesizes complementary views for fundus images by
training a CycleGAN [39] model on a dataset consisting of fundus
images with matching fluorescein angiography images, while the latter
sample positive pairs using an object detector trained on bounding box
annotations. By contrast, our proposed framework generates heatmaps
as positive views from a classification model trained only on coarse
image-level labels.

2.3. Class activation map

First proposed as a technique to localize class-specific image regions
for classification-trained CNN, class activation maps (CAM) [20] have
been widely used to visually explain the decision process of a CNN
and to generate starting labels for weakly supervised dense prediction
tasks [25–27,40–43]. In essence, CAM is generated by taking the class-
weighted average of feature maps extracted at the last convolutional
layer of a CNN that precedes a global average pooling (GAP) layer.
Other variants such as Grad-CAM [44] has been introduced to al-
low CAM generation from any CNN-based network. In this work, we
propose to exploit the localization capability of CAMs by using the
CAM-derived heatmaps as alternative views for the training images in
a multiview contrastive learning setup [45]. By maximizing agreement
within the image-heatmap pairs, we posit that the continuous values of
heatmaps can help guide the contrastive learning process to focus on
the fine-grained details and learn representations that are generalizable
to different downstream tasks.

2.4. Coarse-to-fine learning

Prior work in coarse-to-fine learning has largely focused on a spe-
cific task setting. For example, coarse-to-fine learning has been studied
in the problem of image retrieval [46,47], where learning objectives
catered to image retrieval are proposed to learn fine-grained informa-
tion from coarse-grained labels. Beyond image retrieval, specialized
algorithms have been introduced to build a semantic tree from flatten
fine-grained labels [48], or to learn visio-linguistic compositionality
from coarse textual labels [49]. In this work, we focus on representation
learning from coarse labels, where existing methods for image retrieval
or compositionality learning are not applicable for image-level visual
representation learning. Our work is most related to recent work in
weakly supervised learning, namely Cl-InfoNCE [19] and CCL-K [50].
Cl-InfoNCE uses clustering to group images with similar set of coarse
labels while CCL-K used similarity kernels to compute loss weightages.
Similar to CAMContrast, both Cl-InfoNCE and CCL-K are based on
the contrastive learning framework. However, unlike CAMContrast, Cl-
InfoNCE and CCL-K address the issue of sparse positive pairs when
there is a large set of coarse labels. In contrast, we study the other
extreme, i.e., coarse labels with only two classes. Under this setting,
Cl-InfoNCE and CCL-K are equivalent to the supervised contrastive
learning objective.

3. Method

The proposed CAMContrast framework involves training two neural
networks in a two-stage learning process. The first stage trains a
heatmap generator on coarse labels which outputs positive views for
contrastive representation learning in the second stage.
3
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3.1. Heatmap generator

The purpose of a heatmap generator is to generate grayscale images
(heatmaps) that emphasize the discriminative regions of the abnormal
class. They can be derived from CAMs [20] which are computed as the
class-weighted average of the feature maps at the last convolutional
layer (that precedes a GAP layer):

𝑀𝑐 (𝑥) =
𝐾
∑

𝑖=1
𝑤𝑐

𝑖𝐹𝑖(𝑥), (1)

where 𝐾 is the number of feature maps, 𝑤𝑐
𝑖 is the classifier weight

connecting the 𝑖th GAP unit to the output neuron of class 𝑐, and 𝐹𝑖
is the 𝑖th feature map. Let 𝑐 = 0 be the normal class and 𝑐 = 1 be the
abnormal class, the CNN classifier is trained to minimize the following
loss function, :

 = 1
𝐵

𝐵
∑

𝑖=1

[

𝑐𝑒(𝑥𝑖, 𝑦𝑖) + 𝜆𝑎𝑡𝑡𝑛(𝑥𝑖, 𝑦𝑖)
]

(2)

𝑐𝑒(𝑥, 𝑦) = −
1
∑

𝑐=0
1(𝑦 = 𝑐) log 𝑝𝑐 (𝑥) (3)

𝑎𝑡𝑡𝑛(𝑥, 𝑦) =
1(𝑝0(𝑥) ≥ 0.5, 𝑦 = 0)

|

|

𝑀0(𝑥)|
|

∑

𝑖,𝑗

(

1 −𝑀0
𝑖,𝑗 (𝑥) +𝑀1

𝑖,𝑗 (𝑥)
)

, (4)

here 𝐵 is the batch size, 𝑥 and 𝑦 are the input images and ground
ruth labels, respectively, 𝜆 is a weighting parameter which is set to
.01 in all experiments, 1 is an indicator function, 𝑝𝑐 (𝑥) is the predicted
robability for class 𝑐, and 𝑀𝑐

𝑖,𝑗 (𝑥) is the (𝑖, 𝑗) element of the CAM
xtracted for class 𝑐. 𝑐𝑒 is a standard cross-entropy function while 𝑎𝑡𝑡𝑛
s the complementary guided attention loss [51]. The latter provides
egularization on the CAMs of normal images by simultaneously en-
ouraging 𝑀0 to expand the whole images and minimizing the areas
overed by 𝑀1.

To generate views for pretraining, the CAMs are converted into
eatmaps via min–max normalization. The heatmaps would normally
e upscaled and overlaid on top of the input images to visualize the
iscriminative regions. In this work, however, the pretraining heatmaps
re kept at their original size (same size as the feature maps) to save
emory and computation time since they are not used for visualiza-

ion purpose. The crop-level dataset was pre-generated before stage
pretraining. First, the image-level heatmaps (𝑊ℎ × 𝐻ℎ pixels) are

btained via Eq. (1) and min–max normalization from the input images
𝑊𝑖 × 𝐻𝑖 pixels). Then, each image and its corresponding heatmap are
ivided into four non-overlapping crops (top-left, top-right, bottom-left,
ottom-right) and one center crop. After cropping, the image crops and
eatmap crops have a resolution of 𝑊𝑖

2 × 𝐻𝑖
2 pixels and 𝑊ℎ

2 × 𝐻ℎ
2 pixels,

respectively.

3.2. Contrastive representation learning

The heatmaps generated from stage one contains spatial information
on regions that are likely to be abnormal and can be regarded as
alternative views of the original images. They can therefore be utilized
as a guidance for learning abnormality-aware representations. Under
the contrastive learning framework, image-heatmap pairs are treated
as positive pairs and their representations are encouraged to be close
to each other in a shared latent space. As the images and heatmaps
have different sizes and channels, vector representations of the images
and heatmaps are computed via two separate CNN encoders, 𝑓𝐼 and 𝑓ℎ,
nd projected to a shared latent space via two MLP projectors, 𝑔𝐼 and

𝑔ℎ, where the contrastive learning objective, 𝑐𝑜𝑛, is optimized:

𝑐𝑜𝑛(𝑧𝑖, 𝑧𝑗 ) = − log
exp

(

𝑧T
𝑖 𝑧𝑗∕𝜏

)

∑𝑁
𝑘=1 1(𝑖 ≠ 𝑘) exp

(

𝑧T
𝑖 𝑧𝑘∕𝜏

)
, (5)

where (𝑖, 𝑗) and (𝑖, 𝑘) are a pair of positive and negative examples,

espectively, 𝑁 is the number of projection vectors in a mini-batch, 𝑧



Computers in Biology and Medicine 171 (2024) 108203B.P. Yap and B.K. Ng
Fig. 2. Illustration of the negative suppression technique. After applying negative
suppression, heatmaps derived from positive (abnormal) images remained unchanged
while heatmaps derived from negative (normal) images are zeroed out.

Fig. 3. Illustration of the background suppression process on positive heatmaps. The
threshold value is set to 15 for both retinal fundus photographs and chest X-rays.

is the normalized projection vectors and 𝜏 is a temperature parameter.
The loss objective has the same form as the self-supervised formula-
tion [12,13], the main difference being how the views are constructed.
Self-supervised methods typically require two augmented views of the
same image as positive views, while the proposed CAMContrast method
uses one augmented view and one heatmap view, which means the
projection vectors (𝑧) may contain vectors from either the image or
heatmap projector.

Negative suppression. While the attention-based regularization
(Eq. (4)) has largely suppressed the activations of heatmaps in the
negative (normal) class, the actual heatmaps generated by the heatmap
generator might still consist of some highly activated regions, which
is not ideal since they should be completely empty for normal im-
ages. As shown in Fig. 2, we introduce a post-processing step for the
normal heatmaps by simply resetting their activations to zero before
computing the projection vectors. Consequently, all normal images
will be pulled towards a prototypical vector of an empty heatmap
when Eq. (5) is being optimized. Our experimental results (Section 4.3)
show that this simple negative suppression technique is beneficial for
downstream performance. Additionally, the background activations
(i.e., values outside the bodily regions) in the abnormal heatmaps
are also masked out using foreground masks obtained by thresholding
the input images. Concretely, the foreground masks are obtained via
thresholding the input images before cropping. As shown in Fig. 3,
the obtained foreground mask is downsampled to the resolution of the
heatmap and multiplied with the heatmap (element-wise) to obtain the
background-suppressed heatmap.

Fixed crop training . Compared to images from the natural image
domain, medical images are largely consistent in terms of overall
appearance. They share some common structures among crops sampled
from the same relative position, as shown in Fig. 4. Based on this obser-
vation, we propose to treat each crop as a distinct instance by dividing
each image into five crops consisting of four non-overlapping corner
crops and one center crop. Instead of sampling two random crops
within each image as positive pairs, augmented views are generated at
4

Fig. 4. Visual comparison of fixed crops (first two rows) with random crops (third
row). The fixed crops are sampled at the same relative position from the original
image.

the crop-level such that the views of two crops sampled at different po-
sitions (e.g., top-left vs. center) relative to the whole image are treated
as negative pairs even if they belong to the same image. Following
the standard practice of contrastive learning, standard augmentations
including random cropping, random horizontal flipping, rotation, color
jittering and random grayscaling are applied to each cropped image,
while no random augmentation is applied to the heatmap crops. By
maximizing the agreement between the representations of the ran-
domly augmented image crop with the heatmap representations, the
desirable augmentation invariance property is induced in the trained
image encoder, making it more robust for downstream transfer learn-
ing. In other words, the criteria of positive pairs in fixed crop training
require each pair of image-heatmap crops to have the same relative po-
sition, on top of being originated from the same source image (i.e., the
image where the heatmap is derived from). This will allow the network
to better exploit the inter-instance similarities found within the same
relative position. The cropping strategy forces the network to pick up
fine-grained details that distinguishes among different instances with
similar appearance, also known as hard negatives pairs [52,53]. This
results in a network that is invariant towards redundant features shared
across the negative pairs. To reduce computation overhead, the image-
heatmap crops are pre-generated before pretraining. This produces a
crop-level dataset that is five times larger than the image dataset.
Within each minibatch, each image crop is sampled together with its
heatmap crop to ensure that every instance has a matching positive
pair.

3.3. Practical considerations of two-stage design

A pseudocode of CAMContrast is given in Algorithm 1. Our two-
stage design of CAMContrast is motivated by three factors: training
stability, hyperparameter complexity, and computation overhead. A
single-stage design which jointly optimizes the heatmap and contrastive
loss would introduce additional hyperparameters, such as a warmup
term to ensure training does not diverge at earlier epochs, and multiple
balancing terms to balance the contribution of individual training
objective. This drastically increases the search space and complicates
the pretraining process, as multiple hyperparameters now have to be
tuned from scratch for each imaging modalities. In contrast, our two-
stage design decouples the training of heatmap generator and image
encoder. By training the heatmap generator to convergence in stage
1, the generated heatmaps will be consistent in approximating the
locations of the abnormal regions for stage 2 training. Furthermore,
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Table 1
Details of the datasets used in transfer learning experiments. Abbreviations: DR - diabetic retinopathy; DME - diabetic macular edema; OD -
optic disc; OC - optic cup.

Dataset Task # train # val # test Metrics

IDRiD-cls [54] Joint DR-DME classification 331 82 103 Joint accuracyb

IDRiD-seg [54] Retinal lesions segmentation 44 10 27 Avg. AUC-PR
REFUGE-cls [55] Galucoma classification 400 400 400 F1-score
REFUGE-seg [55] Joint OD-OC segmentation 400 400 400 Avg. F1-score
Vessel-sega Retinal vessel segmentation 40 10 38 F1-score
ChestX-ray14 [4] Thorax disease classification 69 044 17 480 25 596 Avg. AUC-ROC
SIIM-ACR [56] Pneumothorax segmentation 8540 2 135 1 372 F1-score

a Consists of samples from three datasets: DRIVE [57], STARE [58], CHASE_DB1 [59].
b Measures the accuracy when all predictions of a test sample are correct.
nce the heatmap generator has been trained, the heatmaps can be
re-generated at the start of stage 2 training, without introducing any
verhead in heatmap computation during the representation learning
rocess.

. Experiments

.1. Datasets

retrain datasets. Two public datasets are selected as the pretrain
ataset for each medical imaging modality (fundus photographs and

Algorithm 1 CAMContrast’s learning algorithm.
Input: image dataset 𝐷𝐼 , crop dataset 𝐷𝑐 , batch size 𝐵, transformation
functions  , normal-abnormal classifier 𝑤, image encoder 𝑓𝐼 , image
projector 𝑔𝐼 , heatmap encoder 𝑓ℎ, heatmap projector 𝑔ℎ
Output: pretrained encoder 𝑓𝐼
1: # stage 1
2: Initialize 𝑤 with random weights
3: # sample from image-level dataset
4: for minibatch {(𝑥𝑖, 𝑦𝑖)}𝐵𝑖=1 ⊂ 𝐷𝐼 do
5: Update 𝑤 to minimize Equation 2
6: end for
7: Convert 𝑤 to heatmap generator ℎ via Equation 1 and min-max

normalization
8: # stage 2
9: Initialize 𝑓𝐼 , 𝑔𝐼 , 𝑓ℎ and 𝑔ℎ with random weights

10: # sample from crop-level dataset
11: for minibatch {𝑥𝑖}𝐵𝑖=1 ⊂ 𝐷𝑐 do
12: for 𝑖 ∈ {1, ..., 𝐵} do
13: # construct views
14: Sample augmentation function 𝑡 ∼  .
15: 𝑥̃1𝑖 = 𝑡(𝑥𝑖)
16: 𝑥̃2𝑖 = ℎ(𝑥𝑖)
17: # compute projections
18: 𝑧1𝑖 = 𝑔𝐼 (𝑓𝐼 (𝑥̃1𝑖 ))
19: 𝑧2𝑖 = 𝑔ℎ(𝑓ℎ(𝑥̃2𝑖 ))
20: # normalize projections
21: 𝑧1𝑖 = 𝑧1𝑖 ∕‖𝑧

1
𝑖 ‖

22: 𝑧2𝑖 = 𝑧2𝑖 ∕‖𝑧
2
𝑖 ‖

23: end for
24: Let 𝓁 = 0
25: for 𝑖 ∈ {1, ..., 𝐵} do
26: # accumulate loss with Equation 5
27: 𝓁 = 𝓁 + 𝑐𝑜𝑛(𝑧1𝑖 , 𝑧

2
𝑖 ) + 𝑐𝑜𝑛(𝑧2𝑖 , 𝑧

1
𝑖 )

28: end for
29: 𝓁 = 1

2𝐵 𝓁
0: Update 𝑓𝐼 , 𝑔𝐼 , 𝑓ℎ and 𝑔ℎ to minimize 𝓁
1: end for
2: return 𝑓𝐼
5

chest X-rays). The first dataset is OIA-ODID [60], consisting of 10,000
fundus photographs annotated with labels from eight categories. The
second dataset, ChestX-ray14 [4], consists of 112,120 chest X-rays an-
notated with labels from fourteen categories. Each dataset is converted
into a binary coarse-grained dataset by assigning all abnormal images
(regardless of disease type) to a generic abnormal class and the rest
of the images to the normal class. For OIA-ODIR, all 10,000 samples
are used as training samples. For ChestX-ray14, the training samples
consist of 86,524 samples from the official training split. All images are
resized to 448 pixels along the shorter side and fixed crops of 224 × 224
pixels are taken during pretraining in stage two. In addition, standard
augmentations including cropping, horizontal flipping, rotation, color
jittering and grayscaling are randomly applied to each training sample.

Downstream datasets. Each pretrained model is benchmarked against
seven diverse downstream tasks, including five tasks in the fundus pho-
tograph modality and two tasks in the chest X-ray modality. The details
of the downstream datasets and data augmentation schemes are given
in Tables 1 and 2, respectively. For datasets without official validation
split, 20% of the training split is selected for validation. During training,
images in the fundus classification and segmentation tasks are resized
to 350 and 514 pixels along the shorter side, respectively, whereas the
X-ray images are resized to 224 × 224 pixels. The primary evaluation
metrics used in prior works is reported for each downstream task.

4.2. Experiment setups

Following prior work in medical image pretraining [6,9,14], U-
Net [61] is used as the network architecture in all experiments. Rep-
resentations of the image crops are obtained by the encoder of U-Net
while the representations of the heatmap crops are extracted using
a small CNN consisting of three convolutional layers, each with a
set of 3 × 3 kernels followed by a ReLU activation function. The
projection networks follow the design of the SimCLR framework [12],
which consists of a 2-layer MLP projection head to project the encoder
representation to a 128-dimensional latent space. During pretraining,
the networks are optimized using the SGD optimizer with a momentum
of 0.95, a base learning rate of 0.001 and a weight decay of 1e−4.
The learning rate is linearly warmed-up to the base value for the first
30% of the optimization steps before gradually reduced via a cosine
scheduler. The batch size is set to 120, and the total optimization steps
for OIA-ODIR and ChestX-ray14 are 25k and 72k, respectively.

For the transfer learning experiments, the U-Net encoder is initial-
ized with the pretrained weights (the projectors and heatmap encoder
are discarded), and a randomly initialized linear layer or decoder is
attached for classification and segmentation task, respectively. Grid
search is employed to search for the optimal task-specific learning rate
and weight decay value for each initialization method to ensure fair
comparisons. Details of the search range and the training setup for
downstream optimizations are provided in the Appendix. Up to two
NVIDIA V100 GPUs, each with 16 GB of memory, were used to optimize
the networks. Each experiment is repeated three times with different
random seeds.
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Table 2
Parameters of image augmentation used in the downstream tasks. Images are transformed using the functions implemented in the torchvision
library (https://pytorch.org/vision/stable/index.html).

Parameter Fundus cls. Fundus seg. Chest X-ray cls. Chest X-ray seg.

Crop size 320 × 320 514 × 514 224 × 224 224 × 224
Random crop – scale [0.8, 1.0] 1.0 [0.8, 1.0] 1.0
Random crop – aspect ratio [0.75, 1.33] 1.0 [0.75, 1.33] 1.0
Random horizontal flip – probability 0.5 0.5 0.5 0.5
Random rotation – degree 0.0 [−90, 90] [−30, 30] [−30, 30]
Fig. 5. Effect of temperature parameter on downstream performance in IDRiD.
(Left: joint accuracy of the classification task. Right: average AUC-PR score of the
segmentation task.).

Table 3
Effect of different cropping strategy on downstream performance in IDRiD. ‘‘No
cropping’’ uses the whole image resized to 224 × 224 pixels.

Cropping strategy Joint acc. (%) AUC-PR (%)

No cropping 52.10 66.66
Random crop 48.54 66.27
Four-crop 53.40 64.42
Five-crop 55.02 66.29

Table 4
Effect of different CAM-related components on downstream performance in IDRiD.

Ablation Joint acc. (%) AUC-PR (%)

No attention loss 49.84 66.94
No negative suppression 49.51 64.97
No background suppression 52.43 65.84
Discard all negatives 47.57 65.90
Unweighted heatmaps 49.51 65.54
CAM consistency 46.28 64.02
CAMContrast 55.02 66.29

4.3. Ablation studies

To quantify the importance of each component introduced in the
CAMContrast framework, ablation studies were conducted on the IDRiD
benchmark [62], including a fine-grained classification task for severity
level of diabetic retinopathy and diabetic macular edema, and a seg-
mentation task for four types of retinal lesions. The performance for the
classification and segmentation task are evaluated via joint accuracy
and average AUC-PR score, respectively.

Temperature parameter . Fig. 5 shows the effect of the temperature
parameter on downstream tasks. Temperature parameter is used to
weight the cosine similarity scores of the positive and negative pairs in
contrastive pretraining (Eq. (5)). The performance is generally stable
across both tasks when the temperature is in the range from 0.05 to
0.1. Unless otherwise specified, 0.05 is the default temperature used in
all experiments.

Cropping strategy . The ablation results for different cropping strategy
used during the pretraining stage is tabulated in Table 3. The commonly
used random cropping strategy achieves the lowest classification per-
formance and comparable segmentation performance. Four-crop, which
is a variant of five-crop without the center crops, attains a competitive
performance in terms of classification accuracy but performs worse
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in the segmentation task. This suggests that the representations learnt
Table 5
Effect of different crop size on downstream performance in IDRiD.

Crop size (pixels) Joint acc. (%) AUC-PR (%)

112 × 112 51.95 65.67
224 × 224 (default) 55.02 66.29
336 × 336 55.83 67.03

from the center crops play an important role in dense prediction tasks.
The proposed five-crop strategy achieves the best trade-off between
classification and segmentation performance.

CAM-related components. In Table 4, the impact of different compo-
nents related to the CAMs are investigated. Compared to the proposed
CAMContrast framework, the alternatives produce representations that
significantly degrade the downstream classification performance. With-
out the attention-based regularization in stage one (row 1), the gen-
erated heatmaps tend to focus on broader image regions and lose the
ability to locate diseased regions effectively (Fig. 6), leading to degrada-
tion in classification performance. Both classification and segmentation
performance drop when the heatmaps of the negative (normal) im-
ages or backgrounds are not suppressed during pretraining in stage
two (row 2 and row 3). Furthermore, if the normal image-heatmap
pairs are excluded from pretraining (row 4), it also results in poor
downstream performance, which suggests that maximizing agreement
between normal images and the prototypical vector representing an
empty heatmap (via negative suppression) provides useful training
signals for contrastive representation learning. To demonstrate the
importance of class-specific weightings, the CAMs are replaced with
the summation of feature maps at the last convolutional layer, resulting
in unweighted heatmaps (row 5). Training with unweighted heatmaps
as contrasting views causes performance drop in both downstream
classification and segmentation tasks. Lastly, an alternative one-stage
approach based on maximizing consistency between CAMs of different
augmented views [63] is also explored (row 6); it achieves lower
performance in both classification and segmentation tasks.

Spatial resolution of image crops. The impact of the spatial resolution
of pretraining images is investigated in Table 5. The downstream
performance is proportional to the crop size, with 336 × 336 pixels
achieving the highest classification and segmentation performance at
the cost of longer pretraining time and higher memory footprint.

Class imbalance in pretraining dataset . To study how class imbalance
in the pretraining dataset will affect the downstream performance,
pretraining datasets with different class ratio were constructed. Con-
cretely, the class ratio is defined as the ratio of training samples from
the minority class over training samples from the majority class. For
example, a class ratio of 0.1 indicates that the majority class has 10
times more samples than the minority class. The default class ratio of
the pretraining dataset for retinal fundus photographs is 0.8, which is
relatively balanced. Table 6 tabulates the impact of different class ratios
on the downstream performance. The performance is relatively robust
until the class ratio reaches 0.1, where large drops in classification and
segmentation performance are observed, suggesting that severe class
imbalance will negatively impact the transfer learning performance of
CAMContrast.

https://pytorch.org/vision/stable/index.html


Computers in Biology and Medicine 171 (2024) 108203B.P. Yap and B.K. Ng
Fig. 6. Visual examples of the heatmaps. For visualization purpose, the heatmaps are upsampled to the size of 448 × 448 pixels and overlaid on top of the images. The images
labeled as abnormal are marked with white arrows indicating the abnormal regions. Notably, inclusion of attention loss helps restricts the high activation regions to the actual
abnormal regions, while negative suppression helps further suppress activation in normal images.
Table 6
Effect of different class ratio on downstream performance in IDRiD.

Class ratio Joint acc. (%) AUC-PR (%)

0.1 51.46 65.04
0.3 54.37 66.62
0.5 54.69 66.69
0.8 (default) 55.02 66.29

4.4. Main results

Baselines. The proposed CAMContrast framework is compared against
four baselines: (i) random initialization (no pretraining), (ii) Sim-
CLR [12], (iii) supervised pretraining with cross-entropy (SupCE), and
(iv) supervised pretraining with contrastive loss (SupCon). Random
initialization and SimCLR pretraining baselines give the lower bound
performance for no pretraining and self-supervised pretraining, respec-
tively. The rest of the baselines uses the coarse-grained abnormality
labels as supervisory signals. In addition to the conventional random
crop strategy, fixed crop strategy utilizing the pre-generated image crop
dataset (used in CAMContrast) is also implemented for comparison
(i.e., different fixed crops from the same image are treated as inde-
pendent instances). Baselines pretrained with this strategy are denoted
with the ‘‘-crop’’ suffix.

In the result tables, state-of-the-art results are also reported for refer-
ence. We note that these results reflect the recent performance upper-
bounds achievable under different experiment settings (e.g., different
input resolutions or augmentations) and were not meant to be a direct
comparison with the main reported results. Recent work has pushed the
state-of-the-art boundary through specialized architecture [64–66,68],
multimodal pretraining [69], or task-specific adaptation [66,67]. By
contrast, this work focuses on transferable weakly-supervised pretrain-
ing from the perspective of injecting positional information from binary
image-level labels.

Results on fundus photograph datasets. Models pretrained on the OIA-
ODIR dataset are fine-tuned on five downstream tasks with limited
annotations (less than 1000 annotations). The results are shown in
Table 7. Our proposed framework achieves the best performance in
four out of five tasks, with significant improvement in the classification
tasks. In general, models trained using the fixed crop strategy are
found to generalized better than their random cropping counterparts,
suggesting that fixed crop might be a better alternative for pretraining
with medical images. It is also worth noting that the self-supervised
baselines were able to outperform the supervised baselines in three
tasks (REFUGE-cls, IDRiD-seg, REFUGE-seg) despite not having access
to the disease labels. In addition, supervised contrastive learning ob-
jective struggles to outperform both self-supervised and supervised
cross-entropy objectives in most benchmark datasets. These results
highlight the shortcomings of pretraining directly with coarse labels
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using either the cross-entropy or supervised contrastive learning ob-
jective. The shortcomings are addressed by the proposed two-stage
pretraining framework through replacing the second views of SimCLR
with CAM-derived heatmaps to facilitate coarse-to-fine representation
learning.

Results on chest X-ray datasets. For models pretrained on the ChestX-
ray14 dataset, two transfer learning experiments were conducted. The
first is a linear evaluation experiment which assesses the quality of
learned representations by training a linear classifier on top of a
frozen encoder. The linear classifier is trained to classify each X-
ray image in ChestX-ray14 into fourteen thorax disease categories. In
the second experiment, the models are fine-tuned on the SIIM-ACR
dataset for pneumothorax segmentation. To simulate low data-regime
setting, multiple models are trained on different subsets of the original
training data with varying amount of labeled samples. The proposed
method outperforms other methods across all labeled proportions as
shown in Tables 8 and 9. Furthermore, CAMContrast is able to achieve
competitive performance in the linear classification task using only
25% of the training data. For the segmentation task, the performance
gain is substantial especially at the 10% setting where labels are scarce.
Qualitative segmentation results are shown in Fig. 7. The results ob-
tained from model pretrained on CAMContrast exhibit a higher degree
of overlap with the ground truth when compared to the baselines.

4.5. UMAP visualizations

In Fig. 8, the learnt representations for both pretrain datasets are
visualized using UMAP [70]. Each data point represents an image
crop and is labeled as either normal or abnormal according to the
image-level label. In most cases, the data points are clustered by their
relative position. Within each cluster, there is a noticeable separation
between normal and abnormal crops in the representations extracted
from the supervised models. However, this does not necessarily im-
ply a better downstream performance, as SimCLR-crop was able to
outperform SupCE-crop on several tasks in the fundus photographs
benchmark (Table 7) despite the representations from SimCLR-crop
not being visually separable in terms of the abnormality labels. It is
interesting to note that the pretrain method with a more compact
representations correlates to better performance in the downstream
tasks. Clusters with high intra-cluster compactness often characterizes
a good clustering algorithm [71]. In the case of representation learning,
a pretrain method that can cluster its pretraining data into compact and
well-separated clusters might be a key for improving transfer learning
performance. With the guidance of abnormality-informed heatmaps,
CAMContrast learns representations that are both compact and locally

separable, which translates to a higher downstream performance.
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Table 7
Comparisons of transfer learning performance on different fundus photograph datasets. Evaluation metrics are shown below the task names. Higher values indicate better performance.

Method Classification tasks Segmentation tasks

IDRiD-cls (joint accuracy) REFUGE-cls (F1-score) IDRiD-seg (avg. AUC-PR) REFUGE-seg (avg. F1-score) Vessel-seg (F1-score)

SOTAa 68.0 80.05 71.11 93.10 81.41

Random (no pretrain) 34.63 ± 0.46 63.36 ± 3.30 63.03 ± 0.05 91.32 ± 0.17 78.49 ± 0.18

SimCLR 43.37 ± 0.46 67.72 ± 1.74 64.51 ± 0.16 90.89 ± 0.16 79.71 ± 0.12
SimCLR-crop 40.78 ± 0.79 77.78 ± 1.43 64.14 ± 0.47 91.67 ± 0.14 79.76 ± 0.08

SupCE 43.37 ± 1.21 74.91 ± 4.37 62.72 ± 0.27 91.53 ± 0.04 80.04 ± 0.13
SupCE-crop 49.52 ± 4.82 75.70 ± 2.62 62.40 ± 0.89 91.74 ± 0.10 79.55 ± 0.07
SupCon 41.43 ± 0.46 66.32 ± 0.49 64.23 ± 0.45 91.46 ± 0.10 78.79 ± 0.14
SupCon-crop 42.40 ± 1.65 68.94 ± 1.66 63.48 ± 0.53 91.55 ± 0.19 78.52 ± 0.07

CAMContrast (this work) 55.02 ± 2.42 81.09 ± 0.89 66.29 ± 1.18 91.66 ± 0.06 80.82 ± 0.05

a Recent state-of-the-art results for IDRiD-cls [64], REFUGE-cls [65], IDRiD-seg [66], REFUGE-seg [67] and Vessel-seg [68] are provided for reference.
Table 8
Comparisons of linear evaluation performance on the test set of ChestX-ray14, measured in terms of mean AUC-ROC scores (%) across 14
disease categories. The percentages represent different labeled proportions of the complete training set.

Method 1% 5% 25% 50% 100%

SOTAa – – – – 84.8

SimCLR-crop 58.43 ± 0.57 61.80 ± 0.35 64.18 ± 0.18 64.67 ± 0.13 65.04 ± 0.06
SupCE-crop 61.55 ± 0.52 66.06 ± 0.36 69.75 ± 0.10 70.30 ± 0.01 70.57 ± 0.05
SupCon-crop 60.69 ± 0.59 63.82 ± 0.32 66.55 ± 0.19 66.98 ± 0.14 67.21 ± 0.13
CAMContrast (this work) 63.74 ± 0.57 68.72 ± 0.06 72.06 ± 0.13 72.62 ± 0.08 72.85 ± 0.01

a Recent state-of-the-art result [69] is provided for reference.
Table 9
Comparisons of fine-tuning performance on the test set of SIIM-ACR, measured in terms of F1 scores (%). The percentages represent different
labeled proportions of the complete training set.

Method 10% 25% 50% 75% 100%

SOTAa – – – – 83.1

Random (no pretrain) 70.29 ± 3.51 73.21 ± 0.52 75.58 ± 0.49 77.34 ± 0.36 78.16 ± 0.09
SimCLR-crop 70.31 ± 1.23 72.39 ± 0.52 74.79 ± 0.12 76.74 ± 0.20 77.50 ± 0.51
SupCE-crop 74.33 ± 3.31 75.75 ± 0.26 77.18 ± 0.91 77.99 ± 0.28 78.32 ± 0.29
SupCon-crop 71.58 ± 1.79 73.02 ± 0.78 75.20 ± 0.31 77.49 ± 0.23 77.93 ± 0.14
CAMContrast (this work) 75.88 ± 0.67 76.50 ± 0.53 77.29 ± 0.64 78.51 ± 0.42 79.39 ± 0.12

a Recent state-of-the-art result [69] is provided for reference.
Fig. 7. Segmentation results on the test images of SIIM-ACR dataset. Segmentation masks are overlaid on top of the input images. Orange and yellow region indicates under- and
over-segmentation, respectively.
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Fig. 8. UMAP visualizations of the encoder representations for the different combinations of pretrain method and dataset. Each cluster is also annotated with a relative position
label indicating the cropping location of the data points in the cluster (TL: top-left, TR: top-right, C: center, BL: bottom-left, BR: bottom-right).
Table 10
Linear evaluation results (AUC-ROC) on the multilabel subset of ChestX-ray14, averaged across five validation folds.

Method Atelectasis Cardiomegaly Effusion Pneumothorax Consolidation Average

Random 66.44 ± 1.00 65.08 ± 2.80 70.51 ± 1.34 64.89 ± 1.81 67.87 ± 1.28 66.96 ± 0.97
SupCE-crop 72.01 ± 1.19 76.47 ± 0.54 82.18 ± 0.54 72.68 ± 0.48 72.70 ± 1.27 75.21 ± 0.31
CAMContrast 73.38 ± 1.08 81.17 ± 1.15 84.22 ± 0.53 74.42 ± 1.21 73.54 ± 1.41 77.35 ± 0.42
4.6. Generalization to multilabel setting

The versatility of the proposed CAMContrast framework in a mul-
tilabel scenario is explored in this section. Specifically, we consider a
subset of the ChestX-ray14 dataset and select 5 disease classes with sim-
ilar manifestations, namely Atelectasis, Cardiomegaly, Effusion, Pneu-
mothorax, and Consolidation. These diseases are often manifested as
abnormal spatial changes to the lung cavity. In total, the multilabel
subset consists of 30 000 images. During pretraining, stage 1 of CAM-
Contrast is adapted to the multilabel setting by computing the CAMs
for each positive class and taking their average as the heatmap. For ex-
ample, if an image is labeled positive for both Atelectasis and Effusion,
the CAMs corresponding to Atelectasis and Effusion are averaged into a
single heatmap. For stage 2, the same image-heatmap contrastive learn-
ing objective is applied. The quality of the learnt representation is then
evaluated via 5-fold cross-validation study using the linear evaluation
protocol. Table 10 shows the linear evaluation results, averaged across
5 validation folds at patient level. From the quantitative results, CAM-
Contrast outperforms the conventional supervised pretraining method
(SupCE-crop) across all disease classes, suggesting its generalization
beyond the binary coarse-grained label setting.

4.7. Generalization to 3D dataset

To validate the efficacy of CAMContrast in 3D medical images,
additional experiments are conducted on brain MRI scans from the
Alzheimer’s Disease Neuroimage Initiative (ADNI)1 [72]. Specifically,
we consider the ADNI-1 image collections, which consists of 784

1 Data used in the preparation of this article were obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
(adni.loni.usc.edu). The ADNI was launched in 2003 as a public–private
partnership, led by Principal Investigator Michael W. Weiner, MD. The
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T1-weighted MRI scans, each labeled with one of the three classes:
Alzheimer’s disease (AD), mild cognitive impairment (MCI) and cog-
nitively normal (CN). To simulate weakly-supervised pretraining with
binary labels, AD and MCI are treated as the abnormal label while
CN is treated as the normal label. The Clinica software suite [73] is
used to preprocess the raw data into 3D tensors of size 80 × 96 × 80
for training and evaluation. It is also used to split the samples into
a development set and a holdout testing set. The development set
consists of 628 samples while the holdout testing set consists of 156
samples. Among the 628 samples, 5-fold cross-validation at the patient
level is conducted and the best model in each fold is evaluated on
the 156 holdout samples. The image encoder used in this experiment
is a variant of ResNet encoder introduced by Yang et al. [74] which
adapts the architecture to handle 3D volumetric inputs and to produce
3D CAMs. For crop-based training, each volume is divided into 8 non-
overlapping sub-volumes and 2 center sub-volumes, each with a size
of 40 × 48 × 40. Other than architectural changes, the pretraining
and fine-tuning pipeline for the baselines and CAMContrast remains
unchanged. During pretraining, the network is trained for 120 epochs
using the SGD optimizer with a learning rate of 1e−3, a weight decay
of 1e−5, and a batch size of 16. For the transfer learning experiments,
the encoder is fine-tuned on the 3-way classification task (AD, MCI,
CN) for 100 epochs with a weight decay of 1e−5 and a batch size of 8.
The search range for the learning rate include 5 logarithmically spaced
values in the interval [1e−3, 1e−1].

Table 11 summarizes the transfer learning results. Overall, CAM-
Contrast achieved the highest mean average AUC-ROC compared to

primary goal of ADNI has been to test whether serial magnetic resonance
imaging (MRI), positron emission tomography (PET), other biological markers,
and clinical and neuropsychological assessment can be combined to measure
the progression of mild cognitive impairment (MCI) and early Alzheimer’s
disease (AD). For up-to-date information, see www.adni-info.org.

http://www.adni-info.org
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Table 11
Transfer learning results (AUC-ROC) on ADNI-1 dataset. The results are averaged across five validation folds. The model that achieves the best
validation performance in each fold is used to generate predictions for the holdout testing set.

Method Validation Test

CN MCI AD Mean CN MCI AD Mean

Random 70.28 ± 5.28 55.28 ± 4.07 72.21 ± 4.17 65.92 ± 3.99 67.17 ± 1.46 52.65 ± 1.7 70.51 ± 2.32 63.44 ± 1.76
SupCE-crop 73.56 ± 4.63 56.24 ± 4.31 74.92 ± 5.12 68.24 ± 4.26 71.16 ± 3.98 53.13 ± 2.67 73.84 ± 0.77 66.04 ± 1.77
SupCon-crop 70.98 ± 5.83 54.97 ± 5.21 73.19 ± 4.66 66.38 ± 4.02 68.03 ± 2.83 52.9 ± 0.63 71.91 ± 3.1 64.28 ± 1.84
CAMContrast 74.21 ± 5.4 58.33 ± 5.62 75.51 ± 4.21 69.35 ± 4.65 72.85 ± 3.53 55.11 ± 1.97 72.62 ± 1.85 66.86 ± 1.93
Table 12
Comparisons of downstream performance with different backbone architectures in
ChestX-ray14 (linear evaluation) and SIIM-ACR (fine-tuning). U-Net encoder is the
default architecture used in the main experiments.

Architecture Method ChestX-ray14
(mean AUC)

SIIM-ACR
(F1-score)

U-Net encoder
(default)

Random 61.62 ± 0.24 78.16 ± 0.09
SupCE-crop 70.57 ± 0.05 78.32 ± 0.29
CAMContrast 72.85 ± 0.01 79.39 ± 0.12

ResNet-34
Random 59.54 ± 0.2 77.85 ± 0.89
SupCE-crop 66.42 ± 0.05 77.85 ± 0.69
CAMContrast 70.06 ± 0.01 78.91 ± 0.31

DenseNet-121
Random 63.94 ± 0.29 76.22 ± 1.77
SupCE-crop 68.03 ± 0.04 77.21 ± 0.66
CAMContrast 71.31 ± 0.05 78.82 ± 0.24

MiT-b1
Random 59.28 ± 0.04 74.93 ± 3.45
SupCE-crop 63.99 ± 0.08 72.75 ± 1.85
CAMContrast 68.04 ± 0.05 74.32 ± 0.7

Table 13
Downstream performance of different pretraining method in ChestX-ray14 (linear
evaluation) and SIIM-ACR (fine-tuning). Self-supervised baselines (SSL) are provided
for reference. During pretraining, all methods used the fixed crop strategy introduced
in Section 3.2.

Framework ChestX-ray14 (mean AUC) SIIM-ACR (F1-score)

SimCLR (SSL) 65.04 77.50
SimCLR (CAMContrast) 72.85 79.39

DiRA (SSL) 72.26 79.99
DiRA (CAMContrast) 73.59 80.76

alternative pretraining methods, suggesting that it can be used to
improve downstream performance in 3D setting without the need to
modify the algorithm other than the backbone architecture.

4.8. Generalization to other backbone architectures

To validate the efficacy of CAMContrast in other backbone ar-
chitectures, additional experiments were conducted on other notable
architectures, including ResNet-34 [1], DenseNet-121 [75], and MiT-
b1 [76]. Table 12 shows the transfer learning results on the X-ray
datasets. Across different architectures, the proposed CAMContrast
pretraining framework consistently outperforms the supervised cross-
entropy training in both classification (ChestX-ray14) and segmentation
(SIIM-ACR) tasks. However, CAMContrast slightly underperforms ran-
dom initialization in segmentation task using the Transformer-based
MiT-b1 backbone. Furthermore, the downstream performance for this
backbone architecture is the lowest compared to other convolution-
based architectures. We posit that this is due the lack of inductive biases
in the Transformer architecture [77,78]. Without built-in inductive
biases provided by the convolution operation, Transformer requires a
much larger pretraining dataset to extract transferable representations,
and this limits its use in medical imaging tasks with limited data [78].

4.9. Generalization to other pretraining framework

CAMContrast describes a general framework of extracting fine-
grained representations from coarse annotations, and Section 3 pro-
vides a simple instantiation based on the CAM visualization and the
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SimCLR objective. In general, the objective of maximizing similar-
ities within image-heatmap pairs can be integrated into any pair-
wise learning framework. To demonstrate the generalizability of the
proposed method, CAMConstrast is integrated into DiRA [6], a self-
supervised learning framework recently proposed for medical imaging
tasks. Specifically, a heatmap projector and the contrastive objective on
image-heatmap pairs are added to the MoCo-v2 [79] variant of DiRA.
Table 13 shows the transfer learning results on the X-ray datasets. With
the addition of a momentum encoder and an auxiliary decoder for
reconstruction and adversarial learning, self-supervised DiRA attains
similar performance as the SimCLR implementation of CAMContrast.
However, this comes at a cost of larger memory footprint due to the
decoder parameters as well as additional effort in hyperparameter
tuning to balance the weighing factor of each loss term. This suggests a
trade-off between the availability of pretrain labels and the complexity
of learning objectives. Nevertheless, we show that CAMContrast is
complementary to the DiRA framework as it is able to improve upon
the downstream performance when the heatmap views are introduced.

5. Discussion

CAMContrast aims to learn a general-purpose image feature extrac-
tor for medical images using only coarsely labeled images. The image
feature extractor can then be used for different kinds of downstream
medical image analysis applications with limited fine-grained labels,
thereby reducing the data acquisition cost. Beyond single modality
use cases, the high-dimensional image features extracted by our deep
learning-based extractor can also be potentially combined with ra-
diomic features [80,81] or clinical features [82] in a hybrid system to
improve predictive performance while remains interpretable to clinical
practitioners.

The proposed fixed crop training strategy is particularly effective
in medical images that exhibit high inter-image similarity, such as
fundus photographs, chest radiographs and brain MRI scans. For image
modality such as skin images commonly used by dermatologists to
diagnose skin diseases, the images may be taken from an ordinary
RGB camera at different angles and focused on different parts of the
body. At such, applying fixed crop training to skin images would be
akin to random cropping, as there is little to no structural similarity
between different skin images. This diminishes the beneficial effect of
hard negative pairs formed by structurally similar image crops, which
limits the applicability of CAMContrast in this scenario.

6. Conclusion

A coarse-to-fine representation learning framework for medical im-
ages is proposed in this work. Utilizing class activation maps, novel
views in the form of heatmaps are extracted from a classification-
trained neural network. These heatmaps, which contain localized in-
formation of the abnormal regions, enable fine-grained representation
learning through maximizing the similarities of image-heatmap pairs in
a shared projection space. Furthermore, a fixed crop training strategy
is introduced to promote learning of fine-grained details by forcing
the neural network to distinguish between crops of different images
sampled from the same position. Compared to other supervised pre-
training methods, CAMContrast is more data-efficient and achieves bet-
ter transfer learning performance in benchmarks comprising of fundus
photographs and chest radiographs.
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Table A.1
Search range and hypeparameters used in the downstream tasks.

Parameter IDRiD-cls REFUGE-cls Chest X-ray14 IDRiD-seg REFUGE-seg Vessel-seg SIIM-ACR

Learning rate Grid searcha Grid searcha Grid searcha Grid searchb Grid searchc Grid searchc Grid searchc

Weight decay Grid searchd Grid searchd 0.0 1e−5 1e−5 1e−5 1e−5
LR scheduler Cosine Cosine Cosine Cosine Cosine Cosine Cosine
Optimizer AdamW SGD SGD AdamW SGD SGD SGD
Momentum – 0.9 0.9 – 0.9 0.9 0.9
Max epochs 300 150 60 300 90 90 60
Batch size 40 40 40 5 5 5 5

a LR ∈ {1e−4, 3e−4, 1e−3, 3e−3, 1e−2, 3e−2, 1e−1}.
b LR ∈ {3e−5, 1e−4, 3e−4, 1e−3, 3e−3}.
c LR ∈ {1e−3, 3e−3, 1e−2, 3e−2, 1e−1}.
d WD/LR, WD ∈ {0, 1e−6, 1e−5, 3e−5, 1e−4, 3e−4, 1e−3, 3e−3}.
Table B.1
Disease-specific accuracies (%) on the test set of IDRiD-cls.

Method Diabetic retinopathy Macular edema Average accuracy Joint accuracy

Random (no pretrain) 43.04 ± 2.42 74.76 ± 1.37 58.90 ± 1.27 34.63 ± 0.46

SimCLR 51.78 ± 0.46 76.70 ± 0.79 64.24 ± 0.46 43.37 ± 0.46
SimCLR-crop 48.22 ± 2.00 77.02 ± 1.21 62.62 ± 0.69 40.78 ± 0.79

SupCE 51.13 ± 2.79 76.05 ± 1.21 63.59 ± 1.73 43.37 ± 1.21
SupCE-crop 61.49 ± 3.75 75.73 ± 1.37 68.61 ± 2.55 49.52 ± 4.82
SupCon 48.22 ± 1.65 76.38 ± 0.46 62.30 ± 0.61 41.43 ± 0.46
SupCon-crop 51.78 ± 3.21 79.61 ± 1.37 65.69 ± 1.39 42.40 ± 1.65

CAMContrast (this work) 60.84 ± 3.21 82.20 ± 0.46 71.52 ± 1.79 55.02 ± 2.42
Table B.2
Disease-specific AUC-ROC (%) on the test set of ChestX-ray14.

Method Atelectasis Cardiomegaly Effusion Infiltration Mass

SimCLR-crop 65.19 66.43 69.61 65.08 59.22
SupCE-crop 69.79 75.46 76.98 66.88 69.53
SupCon-crop 67.36 71.37 73.12 65.88 63.65
CAMContrast (this work) 72.19 79.08 79.51 67.38 73.69

Method Nodule Pneumonia Pneumothorax Consolidation Edema

SimCLR-crop 59.09 60.00 69.62 66.86 77.99
SupCE-crop 65.32 62.77 73.64 69.48 79.57
SupCon-crop 60.51 61.74 72.41 68.23 78.09
CAMContrast (this work) 67.80 63.78 77.54 70.51 81.25

Method Emphysema Fibrosis Pleural thickening Hernia Average

SimCLR-crop 62.79 70.93 63.47 54.82 65.08
SupCE-crop 70.58 74.40 69.49 64.86 70.63
SupCon-crop 63.63 72.80 66.29 55.83 67.21
CAMContrast (this work) 75.33 76.10 70.13 65.63 72.85
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ppendix A. Hyperparameter search range

The transfer learning setup largely follows the protocols described
11

n SimCLR [12]. It involves grid search of task-specific parameters for
each weight initialization method. The search range and other hyper-
parameters are summarized in Table A.1. After selecting the optimal
parameters on the validation set, the networks are retrained using all
samples from the training and validation sets. Final results are reported
on hold-out test sets.

Appendix B. Additional quantitative results

The disease-specific results for the downstream multiclass classifi-
cation tasks are provided in Tables B.1 and B.2. Notably, CAMCon-
trast achieves the best performance in macular edema classification
in IDRiD-cls, and consistently outperforms other baselines across all
14 diseases in ChestX-ray14, with up to 4.75% improvement in em-
physema classification. The results further highlight the effectiveness
of CAMContrast in learning fine-grained information from coarsely
labeled datasets.

Appendix C. Additional results on low data regime setting

Tables C.1 and C.2 shows additional experiment results for the DiRA
framework [6] under low data regime settings. In this setup, the perfor-
mance gap between self-supervised learning and CAMContrast becomes
larger, indicating that coarse labels are able to provide informative
signals for learning the encoder representations.

https://www.nscc.sg
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Table C.1
Comparisons of linear evaluation performance on the test set of ChestX-ray14, measured
in terms of mean AUC-ROC scores (%) across 14 disease categories. The percentages
represent different labeled proportions of the complete training set.

Method 1% 5% 25% 50%

DiRA (SSL) 63.36 ± 0.73 68.39 ± 0.04 71.36 ± 0.14 71.94 ± 0.10
DiRA (CAMContrast) 65.00 ± 0.51 69.96 ± 0.16 72.82 ± 0.13 73.25 ± 0.04

Table C.2
Comparisons of fine-tuning performance on the test set of SIIM-ACR, measured in
terms of F1 scores (%). The percentages represent different labeled proportions of the
complete training set.

Method 10% 25% 50% 75%

DiRA (SSL) 74.30 ± 1.10 77.03 ± 0.57 77.58 ± 0.59 79.34 ± 0.09
DiRA (CAMContrast) 76.65 ± 0.92 78.16 ± 0.53 77.91 ± 0.25 79.50 ± 0.17
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