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chest x-ray analysis with self-supervised
learning
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Artificial intelligence analysis methods for chest X-ray images are limited by insufficient annotation
data and varying levels of annotation, resulting in weak generalization ability and difficulty in clinical
dissemination. Here,we present EVA-X, an innovative foundationalmodel based onX-ray imageswith
broad applicability. EVA-X uses a self-supervised learningmethod capable of capturing both semantic
and geometric information from unlabeled images for universal X-ray image representation. It has
demonstrated exceptional performance in chest disease analysis and localization, becoming amodel
capable of spanning over 20 different chest pathologies and achieving leading results in over 11
different pathology detection tasks. Additionally, EVA-X significantly reduces the burden of data
annotation in themedical AI field, showcasing strong potential in the domain of few-shot learning. The
emergence of EVA-X will greatly propel the development and application of foundational medical
models, leading to potential improvements in future medical research and clinical practice.

Chest X-rays constitute 40% of the 3.6 billion imaging procedures per-
formed annually worldwide due to their efficacy in diagnosing cardio-
pulmonary abnormalities, including COVID-19, pneumonia, pleural
effusions, emphysema, and so on1,2. This imaging technology provides
several advantages, such as affordability, minimal radiation exposure, and
widespread accessibility. The rapid evolution of Artificial Intelligence (AI)
has led to the emergence of numerous deep learningmodels2, expediting the
diagnostic process and improving the accuracy of X-ray image interpreta-
tion. However, these models encounter significant challenges. Their heavy
reliance on extensive labeled data3–5 not only consumes crucial medical
resources but also limits their effectiveness and scalability in clinical settings.
Moreover, the task-specific nature of current deep learningmodels restricts
their ability to address diverse medical challenges, impacting their adapt-
ability and flexibility in various healthcare settings.

AI foundationalmodels have recently achievedoutstandingmilestones
and become promising solutions to these challenges. Cutting-edge studies
are rapidly expanding into medical research6–8. Trained on extensive data-
sets, these models provide precise diagnostic support, facilitating quicker
andmore accurate decisions for healthcare professionals. They are typically
robust and versatile, achieving the best performance across a wide range of

healthcare scenarios. Their performance scalability is notable, increasing
steadily with data and parameters to well adapt to diverse healthcare needs.
Additionally, their interpretability enhances healthcare safety. These
advantages eliminate the need for researchers to repeatedly and heavily
annotate data and design specific deep-learningmodels for specific medical
scenarios.However, themedical domain has not yet seen an effective, flexible,
scalable, and interpretable foundation model for chest X-ray images.

In response, we introduce EVA-X, a foundational model for com-
prehensive chest X-ray analysis using self-supervised learning. We adopt
eight widely used public chest X-ray datasets3–5,9–13 for both training and
testing, with the pre-training data totaling over 520 k. (see Section
“Methods” and Supplementary Section B) Leveraging extensive unlabeled
data, EVA-X acquires general visual representations, enabling effective
deployment across all chest disease detection tasks based onX-rays. EVA-X
demonstrates significant technological advancement by not requiring
annotateddata for training, thus reducing thedemand formedical resources
compared to traditional contrastive learningmethods14–18. Moreover, EVA-
X pioneers a strategy in the X-ray domain to simultaneously learn semantic
and geometric features, combining the advantages of contrastive learning
pre-training14–18 andmask imagemodeling pre-training19,20. This innovative
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approach enhances the universality of its visual representations, facilitating
broadutilization across diverse chest disease detection tasks and showcasing
exceptional generalization capabilities.

Extensive experiments have demonstrated the superiority of EVA-X in
the X-ray domain. From the perspective of pre-trained visual representa-
tions, EVA-X is capable of learning without using any annotated data.
Compared to 16 previous pre-trained models14–16,16,19–25, EVA-X exhibits
greater scalability and flexibility. From the standpoint of transfer learning,
we tested EVA-X on 11 X-ray physiological and pathological analysis tasks.
The results indicate that EVA-X has significant advantages in semantic
understanding and geometric analysis. Moreover, EVA-X can significantly
reduce the need for annotated data in downstream tasks. For instance, in
COVID-19 detection, EVA-X achieves a 95% accuracy with just 1% of the
training data. In terms of interpretability, EVA-X can determine lesion
locations using only category information.We argue that EVA-X holds the
potential to significantly enhance AI’s diagnostic performance in chest
diseases, thereby broadening the application scope of AI within healthcare,
reducing the strain onmedical resources, and ultimately contributing to the
promotion of global public health.

Results
EVA-X is a family of medical foundational models pre-trained specifically
for analyzing and diagnosing chest diseases. It utilizes the widely adopted
vision transformer architecture21 in computer vision and acquires general
visual representations through unlabeled X-ray images.

Illustrated in Fig. 1a, our pre-training dataset encompasses more than
20 distinct human chest health conditions, reflecting the diversity and
complexity of chest health issues. EVA-X designs a novel self-supervised
pre-training approach for X-ray images (Fig. 1b). This approach combines
the benefits of contrastive learning and mask image modeling, efficiently
capturing semantic and geometric information without requiring manual
annotations during training. Due to its diverse training data and superior
self-supervised training design, EVA-X can generalize to various X-ray-

based chest disease detection scenarios. It is applicable to a wide range of
tasks in chest physiology andpathology analysis (Fig. 1c).WeevaluateEVA-
X’s performance on 11 different X-ray image analysis tasks and compare it
with the previous bestmethods. As depicted in Fig. 1d, EVA-X outperforms
all of them, achieving SoTA results across all tasks. To our knowledge, EVA-
X represents a comprehensive advancement of the advanced ViT structure
over traditional convolutional models in the medical X-ray domain. This
innovation heralds a new era in X-ray technology, where robust visual
foundational models are likely poised to replace traditional designs.

Below, we analyze the superiority of EVA-X in detail from threemajor
perspectives: pre-training, transfer learning, and interpretability.Wediscuss
the EVA-X self-supervised learning method in Section "Methods", as
illustrated in Fig. 2.

Pre-training: performance, efficiency, and flexibility
We evaluate the EVA-X pre-training method across three dimensions: the
performance of pre-trained visual representations, the number of para-
meters, and computational FLOPs. Our evaluation employs the CXR14
test set4, which serves as the benchmark dataset in the X-ray domain (see
Section "Pre-training Data"). We compare EVA-X with 15 different pre-
trainedX-raymodels, includingwidely usedmodels such asDenseNet12123,
ResNet5022, andViTs21. Considering the diverse computational demands of
medical scenarios, we train three EVA-Xmodels of different scales: EVA-X-
Ti, EVA-X-S, and EVA-X-B.

EVA-X demonstrates SOTA performance. As depicted in Fig. 3a left,
we categorize these 19 different pre-trained models14–16,19–25 into three
comparison groups: tiny models, small models, and base models, based on
their parameter counts. Notably, within each group, EVA-X consistently
exhibits the lowest parameter count (6M, 22M, 86M). We observe
remarkable scalability in EVA-X, with its performance consistently
improving as the parameter count increases. Among thesemodels, EVA-X-
B stands out as the best pre-trained X-ray model, achieving a visual repre-
sentation test performance of 83.5 mAUC, surpassing all previous medical
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Fig. 1 | EVA-XFramework. aPre-trainingDataset: EVA-Xpre-training collects and
leverages a diverse set of X-ray images encompassing various health
conditions.3–5b EVA-X Pre-training: EVA-X employs a novel self-supervised pre-
training approach that synergistically integrates the strengths of contrastive
learning14–18 and mask image modeling19,20. cGeneral Visual Representations: EVA-

X exhibits a high degree of transferability, enhancing the comprehensive analysis of
X-ray imagery. d Transfer Performance: EVA-X demonstrates state-of-the-art
performance across 11 distinct tasks3,4,9–13, outperforming established benchmarks
set by previous pre-trained models. (Some icons in the figure sourced from
biorender.com).
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self-supervised pre-training methods, such as Medical MAE20, contrastive
learning pre-training methods like MGCA14, and well-known pre-training
methods for natural images like MAE26 and MoCov227. This achievement
sets a new standard for SOTA performance in medical X-ray pre-training.

EVA-X achieves exceptional efficiency. As depicted in Fig. 3a right, we
assess the computational complexity of all methods during testing. To
facilitate visualization, we logarithmically scale the FLOPs on the horizontal
axis. The purple x marker on the graph signifies the correlation curve
between computational complexity and theperformanceofEVA-X.EVA-X
strikes an outstanding balance between performance and computational
complexity compared to all other methods.

EVA-X offers a tiny alternative for flexibility. Typically, foundational
models aiming for high performance often impose high computational
demands, and it could be challenging in resource-constrained medical
environments. However, leveraging the impressive capabilities of EVA-X,
we not only investigate its performance boundaries but also develop a
lightweight variant, EVA-X-Ti. It is worth noting that EVA-X-Ti is the
model with the lowest computational complexity (1.26 GFLOPs) among
themwith incredible performance (82.4 mAUC).We conduct comparative
experiments between EVA-X-Ti and 15 previously introduced pre-trained
models, most of which have larger parameter counts than EVA-X-Ti.
Despite this, EVA-X-Ti, with its streamlined parameters (6M), out-
performed 14 of these models in performance metrics. It even outperforms
MGCA-B14 (81.8mAUC) and SelfMedMAE19 (81.5mAUC),whichhave 13
times more FLOPs than EVA-X-Ti. This exceptional performance high-
lights EVA-X-Ti’s potential as a cost-effective alternative to large-scale
models, promoting wider adoption and deeper integration of EVA-X
technology across various applications.

Transfer learning on chest pathologies classification
X-ray images are one of the important tools for diagnosing chest diseases,
with different diseases exhibiting different manifestations on X-ray images.
Our experiments demonstrate that the visual representations learned by
EVA-X pre-training are universal and can be generalized to diagnostic tasks
for all chest pathologies.

Multi-label classification requires the model to make judgments about
the presence of multiple different diseases at once. In our work, we evaluate
the general pathologies detection capability of EVA-X using two com-
monly used multi-class chest pathologies diagnosis datasets, Chest
X-Ray144, and CheXpert3. We fine-tune the visual representations learned

by EVA-X on these two datasets without employing any additional design
techniques.

As shown in Fig. 3b CXR14, we compare the results of EVA-X with
eight different methods20,28–33 on the Chest X-Ray14 dataset. Data are pre-
sented as mean ± 95% CI (n = 5). Most of these methods are designed for
chest X-ray classification. Among them, our EVA-X-Ti (6M) with 82.4
mAUC exceeds the 82.2mAUCachieved byKim et al.33. Theirmethod uses
DenseNet121 (8M) as a backbone. Our EVA-X-S (22M) with 83.3 mAUC,
exceeds the 82.3 mAUC achieved by Xiao et al.20 with ViT-S 0.823 mAUC.
Taken together, EVA-X outperforms the previous best method at two dif-
ferent sizes, reaching new SOTA results. From the perspective of single-
pathology diagnosis, EVA-X performs best by achieving the highest accu-
racy in 12 out of 14 pathology diagnoses (see Supplementary Fig. 1 formore
details).

As shown in Fig. 3b CheXpert, we compare EVA-X with 5 previous
methods3,20,30,34,35. In terms of individualmetrics, EVA-X reaches new SOTA
results in 2 categories (see SupplementaryFig. 1 formoredetails). In termsof
mAUC, both EVA-X-Ti, and EVA-X-S outperform all previous methods
and reach new SOTA results. Among them, EVA-X-Ti has only 6M para-
meters, which is smaller than all previous methods, and exceeds the per-
formance of all previous methods, and achieves new SOTA results.

Single-label classification requires the model to make accurate judg-
ments about a specificpathology. In this paper,we test this usingCOVID-19
as an example. Specifically, we utilize the latest collected and annotated
datasets COVID-CXR-3 andCOVID-CXR-49 and fine-tune sevendifferent
pre-trained models14–16,20,22,36, including EVA-X, on each dataset. Data are
presented as mean ± 95% CI (n = 5). As shown in Fig. 3b CovidX-CXR-3
and CovidX-CXR-4, EVA-X ranks first among all methods with excep-
tionally high 99.8 and 99.4 mAUC (benchmark values evaluated on the
public dataset). Additionally, EVA-X maintains remarkable stability,
demonstrating the most consistent performance across multiple experi-
ments. Specifically, themean standard deviation of EVA-X on both datasets
is 0.03, which is lower than all other methods, including Medical MAE20

(0.045), MGCA14 (0.055), BioViL15 (0.135), etc.

Transfer learning on label efficient classification
The EVA-X model, optimized through large-scale data pre-training, exhi-
bits a high sensitivity to small training data in downstream tasks. It can
converge rapidlywithminimal data, thereby directly alleviating the pressure
of annotation data on the healthcare system. In Fig. 3c, we validate EVA-X’s
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Fig. 2 | Overall of EVA-X self-supervised pre-training. EVA-X designs a self-supervised pre-training method combining the advantages of contrastive learning and mask
image modeling for Chest X-ray images. Please See Section "Methods" for details.
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efficient training capability on COVID-199 and compare it with previous
methods14–16,20,26,27. To ensure robust results, each model undergoes five
independent runs using distinct random seeds (0–4). At the beginning of
each training epoch, the training set is shuffled, and a random subset is
sampled for model updates. Performance is reported as the mean and
standarddeviationacross thefive runs.Allmodels arefinally evaluatedon the
official test set. EVA-X demonstrates the strongest and most stable perfor-
mance at different data sizes. Especially in the case of very little annotated
data, only 1% training data, EVA-X shows a clear advantage over other
methods. On the CovidX-CXR-4 dataset, EVA-X achieves 95% diagnostic
accuracy with only 1% of training data, highlighting its exceptional learning
ability and generalization performance in resource-limited environments.

Transfer learning on chest x-ray segmentation
Medical segmentation demands deep learningmodels to precisely delineate
anatomical structures and identify pathological features in medical images,
aiding in diagnosis. We focus on evaluating EVA-X’s performance in both
physiological andpathological segmentation tasks. Specifically,wefine-tune
seven different medical models14–16,20,22,36 across four lung segmentation

tasks, encompassing physiological segmentation and pathological seg-
mentation for pneumonia, pneumothorax, and tuberculosis. These tasks
demonstrate the model’s robust geometric understanding across diverse
health conditions. Quantitative evaluation of segmentation results using
Dice and Jaccardmetrics, alongwith visualization of segmentationmasks as
depicted in Fig. 4, has been conducted through multiple experiments. Data
are presented as mean ± 95% CI (n = 5).

As shown in Fig. 4a, EVA-X demonstrates outstanding performance
across four distinct tasks10–13. Specifically, in lung segmentation, EVA-X
achieves the highest average Dice score of 95.49%. In pneumonia pathology
segmentation, EVA-X surpasses both Medical MAE20 (53.16 Dice, 36.20
Jaccard) and BioViL15 (51.96 Dice, 35.10 Jaccard) with Dice and Jaccard
scores of 54.51 and 37.47%, respectively. For pneumothorax pathology
segmentation, EVA-X outperforms MGCA14 (59.00 Dice, 41.84 Jaccard)
and the ImageNetpretrainedmodel22 (57.69Dice, 40.56 Jaccard)with scores
of 60.27 Dice and 43.13% Jaccard. In pulmonary tuberculosis pathology
segmentation, EVA-X excels with scores of 60.10 Dice and 42.96% Jaccard,
surpassing Medical MAE20 (59.1 Dice, 41.96 Jaccard) and MGCA14

(59.00 Dice, 41.84 Jaccard). Furthermore, as illustrated in Fig. 4b, EVA-X

CovidX-CXR-4CovidX-CXR-3CheXpertChest X-ray 14b

c CovidX-CXR-4

a

CovidX-CXR-3

Fig. 3 | Performance on Classification Tasks. a Performance and Efficiency of
EVA-X Pre-trained Models. Among all pre-trained models14–16,19–24, EVA-X-B
achieves the highest performance. The EVA-X family demonstrates an excellent
balance between performance and computational efficiency compared to previous
methods. b Performance on Chest Pathologies Classification. EVA-X achieves the

best performance in both multi-label and single-label classification tasks for chest
pathologies3,4,9. c Performance on Label-efficient Classification. EVA-X shows
superior performance across varying amounts of training data, with a particularly
notable advantage observed when dealing with extremely limited training data.
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provides more accurate and fine-grained physiological or pathological
segmentation, showcasing its exceptional generalization ability in X-ray
segmentation tasks.

Interpretability
The interpretability of X-ray deep learning is an essential topic, as high-
lighted in Baselli et al.37. Utilizing tools like the class activation map (CAM)
can help elucidate the rationale behind neural network decisions, as dis-
cussed in Grad-CAM38. In the medical domain, pathology diagnosis often
hinges on lesion localization. Saporta et al.39 have observed that while deep
learning can provide reasonably accurate predictions, there remains a
notable gap in its ability to automatically localize compared to human
capabilities.

We employ Grad-CAM38 to analyze the gradients of EVA-X in the
context of pathology diagnosis. Our analysis involves approximately
1000 images from the Chest X-Ray14 dataset4, as discussed in Sec. “Pre-
training Data” each annotated with lesion positions. Subsequently, we
select seven different model weights pre-trained as outlined in Sec.
“Pre-training: Performance, Efficiency and Flexibility” for compara-
tive evaluation. We get CAMs with each pre-trained model and mea-
sure the Intersection over Union (IoU) and Average Precision (AP)
between the activation regions and the ground truth (GT) boxes. To
determine the optimal performance threshold, we conduct a search
within the range of [0.1, 0.6].

We present the corresponding results in Fig. 5a. Furthermore, we
visually represent the CAM of EVA-X and the other six models using
heatmaps, depicted in Fig. 5b. The results reveal several significant findings.
Firstly, EVA-X demonstrates superior performance in terms of quantifiable
metrics, such as IoU and AP, compared to the other seven methods. Sec-
ondly, consistent with findings in prior research20, ViT pretrained with
MAE exhibits notably weakerCAMperformance than CNN.However, our
experiments indicate a substantial enhancement in ViT’s CAM quality
when aided by EVA-X, resulting in a marked increase in mAP from 3.61 to
8.94.Additionally, our visual analysis highlights that EVA-Xgeneratesmore
accurate anddistinct activationmaps compared topreviousmethods.While
CNN methods14–16 exhibit superior map continuity, they may not perform
as effectively as EVA-X in localizing smaller lesions.

Real-world data evaluation
To investigate the potential of EVA-X in real-world scenarios, we have
conducted an evaluation on an internal, real-world dataset. This dataset
includes 10,000 chest X-ray images and reports collected from 14 Chinese
hospitals, including Wuhan Tongji Hospital and Wuhan Union Hospital.
Following a procedure similar to CheXpert3, we use Deepseek-v340 to ana-
lyze the reports and generate annotations for 14 distinct labels. The accuracy
of this conversion method is confirmed by validation on a random 1 k
subset, which achieves an F1-score of 99% against physician annotations.
We then testEVA-X-S,MedicalMAE20,MedKLIP16, BioViL15, andMGCA14

MGCA EVA-XMedKLIP Medical MAEBioViL MGCA EVA-XMedKLIP Medical MAEBioViLb

Shenzhen-TBRSNA-PneumoniaSIIM-ACR-PneumothoraxLung Segmentation

Shenzhen-TBRSNA-PneumoniaSIIM-ACR-PneumothoraxLung Segmentationa

Fig. 4 | Performance on Segmentation Tasks. a Performance on Chest X-ray
Segmentation. EVA-X surpasses six other pre-trained models14–16,20,22,36 across all
segmentation benchmarks10–13, exhibiting superior performance on Dice and

Jaccard metrics. b Visualization of Segmentation Results. EVA-X demonstrates
enhanced accuracy and finer masks across all segmentation tasks.
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Fig. 5 | Performance on Interpretability. a Performance on Weakly-Supervised
Localization. EVA-X delivers the highest overall performance across all fourmetrics
for weakly supervised localization tasks.4 b Visualization of Grad-CAM. Class

Activation Map (CAM)38 is a significant interpretation method for deep learning
models. It illustrates that EVA-X can localize pathologies using only classification
annotations, showcasing remarkable interpretability.

Fig. 6 | Real-World Data Evaluation of EVA-X. In
the box plots, the center line is the median, the box
spans the 25–75th percentiles (IQR), and whiskers
cover 1.5 × the IQR. All data points are shown.
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on this dataset using a 5-fold cross-validation scheme. The dataset is ran-
domly partitioned into five equal-sized, non-overlapping subsets. In each
fold, four subsets (80%) are used for training, and the remaining subset
(20%) is used for testing/validation. As shown in Fig. 6, EVA-X achieves the
best averageAUCof 0.8645 and amaximumAUCof 0.8788, outperforming
all other methods and demonstrating its potential superiority in real-world
applications.”

Discussion
We propose EVA-X, medical foundationmodels tailored for X-ray images.
Different frompreviouswork, EVA-X utilizes a self-supervised pre-training
strategy, combining previous pre-training methods of contrastive
learning14–18 and mask image modeling19,20. It could learn generalizable
visual representations for all X-ray tasks without any human-annotated
images. This unique advantage makes EVA-X’s pre-training effective, effi-
cient, flexible, and scalable. Compared with over 15 previous pre-trained
deep learning models, EVA-X foundation models achieve SOTA perfor-
mance and computation trade-off. We transfer EVA-X models to 11
downstream tasks3,4,9–13 and compare them with previous SOTA X-ray and
natural image pre-trained models. The results show that EVA-X outper-
forms all previous models in all downstream tasks, demonstrating new
SOTA performance on X-ray image classification, segmentation, and
interpretation. We argue EVA-X has great potential to become a general
foundation model in medical X-ray analysis, facilitating faster and more
accurate diagnosis and analysis of chest pathologies.

EVA-X are foundation models designed for medical X-ray images. Its
training process is based entirely on data related to chest X-rays. Therefore,
its performance on other medical tasks is open to improvement. Due to the
unique high-performance self-supervised pre-training strategy of EVA-X
and the great potential it shows on X-ray tasks, we believe that EVA-X’s
approach is expected to be extended to the entire medical field.

The training data for EVA-X is sourced from the public datasets Chest
X-Ray144, CheXpert3, and MIMIC-CXR5. A full analysis of this data’s het-
erogeneity is provided in Supplementary Table 2. The inherent hetero-
geneity and potential biases from these sources, such as disparities in disease
prevalence and patient demographics (e.g., age distribution), may com-
promise the model’s performance in specific out-of-domain scenarios41.

Compared to recent publicly available supervised models like Ark+42

and CXR-Foundation43, EVA-X excels with its label-free characteristic. In
practice, the self-supervised pre-training of EVA-X can complement
supervisedmethods, enabling themodel to leveragemore unlabeled clinical
data and thereby achieve better performance.

Further clinical validation of EVA-X is an important subsequent step.
On one hand, given its high efficiency (the tiny model is only 6M), EVA-X
could be rapidly migrated and deployed in most practical scenarios for
assistive diagnosis. On the other hand, EVA-X could also serve as a visual
encoder combined with large medical language models and agents44,45 to
further improve diagnostic performance.

Methods
Pre-training data
EVA-X is trainedusing exclusivelypublicChestX-Raydata.Our training set
is a combination of three extensive public datasets: Chest X-Ray144,
CheXpert3, and MIMIC-CXR5. These datasets are widely recognized for
their application in X-ray vision-language pre-training14,16 and image
classification31,33. In contrast to previous studies, our approach exclusively
leverages pure unlabeled images for pre-training, without the utilization of
any annotation or pathology report information.

For these datasets, we specifically process them as follows: (1) Fol-
lowing previous work20, we primarily use frontal view (AP/PA) images and
discard lateral view images. (2) We do not use any of the images tested
subsequently for training, even though they are unlabeled. (3) To speed up
training, similar to CheXpert, we use bilinear interpolation to resize the
original images to a resolution of 336 × 336. The combined dataset is called
Merged520k (see Fig. 1b). If not otherwise noted, our pre-training

experiments will be performed on this dataset. EVA-X utilizes a straight-
forward data processingmethod for self-supervised learning. First, we resize
the entireMerged-520 k dataset to a uniform size of 336 pixels. During pre-
training, we then randomly scale the images to a size between [3/4, 4/3]
before taking a random crop of 224 × 224 pixels. Finally, all images are
normalized using the mean and standard deviation of the Merged-520 k
dataset.

Evaluation data
In the realm of natural images, ImageNet46 typically serves as the primary
test dataset for pre-training24,26,47. Similarly, in thedomain ofX-ray images, it
is essential to select a dataset for pre-training evaluation. Among the
aforementioned datasets, both Chest X-Ray14 and CheXpert hold promi-
nence as widely utilized categorization datasets31,33,35. They are characterized
as multi-label categorical datasets, with labels assigned to 14 distinct
pathologies. Notably, these 14 labels are independent of each other.

Here, we have opted for the former dataset, Chest X-Ray14, as our
primary test set, which is the most commonly used X-ray classification
dataset (as studiedby ref. 48).Ourdecision is basedon the following reasons:
(1) More rational dataset distribution. The CheXpert dataset comprises a
total of 224 k images, but only nearly 200 images are allocated for testing. In
Chest X-Ray, the training/validation/test set ratio is 75/11/25 k. (2) Clearer
labeling. In theCheXpert dataset, the presence of an “uncertain” annotation
indicates that the physician did not identify the condition. Various
approaches exist for handling this uncertainty. Some methods uniformly
categorize it as “with pathology,” others as “without pathology,” and more
complex treatment schemes are also employed. However, the labeling is
clearer on theChest X-Ray14 dataset. The selection of this test dataset is also
consistent with the two previous works19,20.

Note that this dataset selection indicates that we perform pre-training
studies on this dataset, but does notmean thatwe only use this dataset to test
the final performance of EVA-X. In subsequent sections, we will demon-
strate the superior performance of EVA-X on additional datasets.

EVA-X architecture
The pre-training process of EVA-X involves the design of the dual Vision
Transformer (ViT)21 (see Fig. 2). The EVA-X transformer is learnable and
the tokenizer is frozen. For the convenience of readers, we begin with a brief
overview of ViT here.

Assuming the dimensions of the image are H, W, before attention
calculation, ViT divides the image into n ¼ H

P × W
P different patches, where

P represents the patch size. Typically, P can take values like 16, 14, 8, etc. In
EVA-X, unless specified otherwise, the patch size for all ViTs is set to 16. For
an image patch, ViT uses linear projection to project it into a feature vector
of dimension d, which is referred to as image tokens. These vectors form a
sequence known as the image token sequence. Additionally, to establish
positional relationships between vectors, ViT uses positional encoding
added to the image token sequence. After adding the token dedicated to
classification, we obtain the final input sequence, as shown in equation (1),
denoted as Z.

Z ¼ fz0; z1; . . . ; zng ð1Þ

The transformer block (see Fig. 2b) is a straightforward structure with
the sameoutput structure as the input. Itmainly consists of twoparts:Multi-
Head Self-Attention (MHSA) and a Feed ForwardNetwork (FFN). Inspired
by Fang et al.24, in EVA-X, we introduce improved structures such as
rotational positional encoding, Sub-LN49, and SwiGLU50, which differ
slightly from traditionalViT.By stacking anynumber of transformer blocks,
the final ViT is composed. For the input Zi at layer i, the transformer block
performs the following calculations to produce the final output Zi+1, where
Zi and Zi+1 have the same structure.

Z0 ¼ MHSA ðZiÞ þ Zi ð2Þ
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Ziþ1 ¼ FFN ðZ0
iÞ þ Z0

i ð3Þ

EVA-X is a learnableVisionTransformer.Here,we selected threeViTs
of different sizes for experimentation: ViT-Ti, ViT-S, and ViT-B, with a
patch size of 16 for each structure. Based on the number of parameters, we
primarily use EVA-X-Ti (6M) to benchmark against DenseNet12123 (8M),
EVA-X-S (22M) against ResNet5022, and EVA-X-B (86M) to explore the
effects and influences of scaling up the number of parameters.

To perform mask operations on images in mask image modeling,
following previous work24,47, we designed a mask token denoted asm. This
token is a learnable d-dimensional vector. Assuming a mask ratio of r, we
randomly replace n ⋅ r image tokens with mask tokens. We denote this
sequence of masked tokens as mask_list. All mask tokens have the same
initialization.

Ze ¼
m if i 2 mask list

zi otherwise

�
ð4Þ

Due to potential dimension differences between EVA-X and Tokeni-
zer, we use a linear projection layer tomap the dimension of EVA-X’s image
tokens from deva_x to dtgt.We denote the final output sequence of EVA-X as

Ze ¼ fze0; ze1; ze2; . . . ; zeng ð5Þ

Self-supervised learning
The role of the Tokenizer is to extract semantically rich features from
images, and it is also a ViT structure. Unlike EVA-X, we generally opt
for larger-scale ViTs. We primarily investigate two types of structures
for Tokenizer’s pre-training performance, namely, natural image CLIP
andmedical image CLIP. For natural images, we selecte advanced high-
performance ViT-B, ViT-L, and ViT-G visual encoders from the EVA-
CLIP51 model as our Tokenizer. In the medical field, we chose the ViT-
B visual encoder trained with MGCA14 as our Tokenizer. As far as we
know, MGCA-ViT-B is currently the best open-source X-ray
CLIP model.

Tokenizer takes the sequenceZ as shown in the equationbelowas input
and maps it to the target feature sequence Zt, represented by the following
equation. During the pre-training process, all parameters of the Tokenizer
are kept frozen, and no additional learnable linear mappings are added.

Zt ¼ fzt0; zt1; zt2; . . . ; ztng ð6Þ

As mentioned earlier, for the token sequences in the equation Z, we
randomly select a proportion r of tokens and replace them with randomly
initializedmask tokens.Here,we choose a relatively smallmask ratio, r=0.3.
We denote the indices of the masked image tokens as mask_list.

For the final output sequences of EVA-X and Tokenizer, we respec-
tively select the image tokens inmask_list to form the sequences Z0 and Z0

t .
We aim tomaximize the cosine similarity between corresponding tokens in
Z0
e and Z0

t , i.e.,

maximize
Xn�r
i¼1

Z0ðiÞ � Z0ðiÞ
k Z0ðiÞ k � k Z0ðiÞ k ð7Þ

Transfer learning on classification
In the case of classification tasks, we use the simplest decoding strategy
uniformly for all models. For CNNs such as ResNet5022, DenseNet12123,
etc., we average the features output from their last network layer for
pooling, and then input the pooled features into a learnable linear layer
to generate predictions. For the ViT21 structure used bymethods such as
EVA-X, we average all the tokens output from the last block, and then
input the corresponding features into a learnable linear layer as well to

output the prediction results. This simple structure ensures the ability to
directly compare the underlying models, rather than a complex struc-
tural design.

We use themeanAreaUnder the Curve (mAUC) andmeanAccuracy
(mAcc) as our classificationmetric, as denoted in Eq (8) and (9), while TPR
denotes True Positive Ratio, FPR denotes False Positive Ratio, TP denotes
True Positive,TN denotes TrueNegative, FP denotes False Positive, and FN
denotes False Negative.

AUC ¼
Z 1

0
TPRðFPRÞ dFPR ð8Þ

Accuracy ¼ TP þ TN
TPþ TN þ FP þ FN

ð9Þ

Transfer Learning on Segmentation
Following the previous methods14–16,18, in this paper, we primarily focus on
the comparison of pre-trained visual representation performance, without
overly emphasizing the potential advantages that structural improvements
maybring to the segmentation tasks. Specifically,webuild two segmentation
models using ResNet5022 and ViT21 backbones, which are the most com-
monly used structures in X-ray pre-training. For ResNet50, we followed
previous work14,16, adopting the structure with a ResNet encoder and a
UNet52 decoder. For ViT, we follow common practices in natural images53,
initially building a feature pyramid bypooling anddeconvolution on the last
layer features, and then using UperNet54 as the decoder for segmentation
tasks.To ensure the simplicity of the structure asmuchaspossible,wedonot
employ advanced adaptive structures, to better explore the performance of
visual representations, although they may bring improvements in
performance.

We use themean of Dice and themean of Jaccard as our segmentation
metric, as shown inEq (10) andEq (11), while Sdenotes segmentation result
and G denotes GT.

Dice ¼ 2 × jS \ Gj
jSj þ jGj ð10Þ

Jaccard ¼ jS \ Gj
jS∪Gj ð11Þ

Data availability
All datasets used in this study are publicly available. Data preprocessing
scripts and model weights are available at our GitHub repository:
https://github.com/hustvl/EVA-X. The datasets can be accessed via the fol-
lowing links: Chest X-Ray14: https://www.kaggle.com/datasets/nih-chest-
xrays/data; CheXpert: https://stanfordmlgroup.github.io/competitions/
chexpert/; MIMIC-CXR: https://physionet.org/content/mimic-cxr/2.1.0/;
COVIDx: https://www.kaggle.com/datasets/andyczhao/covidx-cxr2; SIIM-
ACR Pneumothorax Segmentation: https://www.kaggle.com/datasets/
jesperdramsch/siim-acr-pneumothorax-segmentation-data; RSNA Pneu-
monia Detection: https://www.kaggle.com/competitions/rsna-pneumonia-
detection-challenge; Tuberculosis Chest X-rays: https://www.kaggle.com/
datasets/raddar/tuberculosis-chest-xrays-shenzhen; Lung Segmentation:
https://github.com/YoushanZhang/Lung_Segmentation.

Code availability
Our codes and models are available at https://github.com/hustvl/EVA-X.
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