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Abstract

Vision-and-language pretraining (VLP) in
medicine leverages contrastive learning on
image–text pairs, often enhanced with masked
modeling. However, existing methods face two
challenges: difficulty reconstructing key patho-
logical features due to limited data, and reliance
on either paired or image-only datasets with-
out combining both. To address this, we pro-
pose MMCLIP (Masked Medical Contrastive
Language-Image Pre-training), which intro-
duces two modules: AttMIM, masking image
features highly correlated with text to im-
prove reconstruction of fine medical details,
and EntMLM, masking key medical entities in
text and reconstructing them using visual cues.
Furthermore, MMCLIP incorporates unpaired
data through disease-kind prompts, achieving
state-of-the-art performance in zero-shot and
fine-tuning across five benchmarks. Code: https:
//github.com/AIGeeksGroup/MMCLIP.

1 Introduction

Vision-and-language pretraining (VLP) has gar-
nered increasing attention in the medical field,
primarily due to its capability to transfer repre-
sentations effectively across various downstream
tasks, including zero- or few-shot recognition. This
ability significantly reduces reliance on exten-
sive annotated data and efficiently detects various
pathologies. Most VLP approaches emphasize con-
trastive learning to understand the relationship be-
tween visual and linguistic elements (of Radiology
et al., 2014) Masked modelling has progressed and
yielded promising results in pure visual (He et al.,
2022; Bao et al., 2021; Xie et al., 2022b), and tex-
tual (Kenton and Toutanova, 2019) self-supervised
representation learning. Masked image modelling
(MIM) reconstructs masked image segments us-
ing surrounding context, while masked language
modelling (MLM) predicts masked words in sen-
tences through adjacent context, both enhancing
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Figure 1: Modules A and B illustrate the distinctions
between the existing VLP training frameworks and our
proposed approach. Methods in module A only use the
random mask strategy, and the reconstruction process
does not involve multi-modal interaction. Module B
shows that our method takes advantage of multi-modal
interaction and uses an attention mechanism to guide
the mask.

comprehension in their respective visual and lin-
guistic domains. The success has inspired some
researchers to explore the significance of MIM and
MLM within the scope of VLP. This involves ran-
domly masking elements in a single modality (Li
et al., 2023; Sun et al., 2023) or across multiple
modalities (Kwon et al., 2022; Chen et al., 2023)
during VLP, as shown in Figure 1 A.

Applying MIM and MLM to the medical do-
main still presents significant challenges, primarily
due to two key limitations. First, traditional ran-
dom masking misaligns with the specific needs of
medical data, which fails to capture pathological
representations critical for clinical diagnosis. In
MIM, random masking inadequately captures the
subtle but critical variations in anatomical struc-
tures, crucial for precise medical diagnosis. Con-
currently, in MLM, this approach can lead to a
diminished focus on accurately predicting medi-
cal entities, generating less medically informative
content. The latest research has started to explore
attention-guided MIM (Wang et al., 2023; Kako-
georgiou et al., 2022), which are prone to finding
crucial image regions for masking instead of ran-
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dom masking. However, constrained by the scarcity
of medical data, models still struggle to accurately
identify important medical areas during masking.
Second, MIM and MLM were initially conceived
for single-modality self-supervised learning, not ac-
counting for the strong interplay between medical
images and clinical texts. This oversight limits their
effectiveness in VLP scenarios where cross-modal
interactions are vital. The advancement (Xie et al.,
2023; Chen et al., 2022) has proven that integrating
modality interaction in MIM/MLM can enhance
the recognition ability of meaningful regions, but
heavily depending on the medical image-text pairs.

This motivates us to propose novel multimodal
Masked Medical Contrastive Language-Image Pre-
Training, named MMCLIP. Our MMCLIP is de-
signed to accomplish three self-supervised learning
tasks, as shown in Figure 1 B. First, we design a
novel attention-masked image modelling module
(AttMIM) for medical images. It detects discrim-
inative features to mask by harnessing feature in-
teractions between vision and language modalities.
Specifically, our AttMIM blends masks generated
through image self-attention, image-report cross-
attention, and prompt-driven attention. While the
first two modules mine instance-level interactions,
the prompt-driven attention exploits global-level
interactions between images and common disease
terms, independent of paired data. As such, even
having missing corresponding reports, our prompt-
driven attention still localizes pathological features
by leveraging the global affinity with frequent
diseases. Secondly, we propose the entity-driven
masked language modelling module (EntMLM) for
medical reports, which masks informative entities
and reconstructs the masked words. We also incor-
porate the learned image representations into the
text decoder to aid the model in understanding med-
ical entities with greater detail and nuance. Besides,
we employ standard contrastive learning to align
medical images and reports. To solve the inconsis-
tent convergence rate problem between contrastive
learning and masked modelling objectives, we first
warm up the masked modelling tasks for specific
iterations and then jointly train three tasks end-to-
end.

Our MMCLIP is pre-trained on two large-scale
medical datasets, one is MIMIC-CXR with paired
chest X-ray images and reports, and the other is
the PadChest with only chest X-ray images. The
learned image representations are transferred to
five downstream classification datasets under zero-

shot and fine-tuning settings, all of which achieved
SOTA respectively.

Our contributions are three-fold: (1) we present a
novel cross-modal attention masking, which is the
first work to explore the potential of attention mask-
ing for MIM and MLM within a unified medical
VLP framework, offering a new perspective to en-
hance the accuracy of medical data representation
learning; (2) we develop a novel blending masking
strategy that integrates attention-guided masking
to capture discriminative pathological features, and
common disease-prompt masking to enable unsu-
pervised learning without relying on paired reports;
(3) we conduct extensive experiments on medi-
cal image classification downstream tasks with
improved zero-shot and fine-tuning performance.
Our method surpasses strong competitors like Med-
KLIP, GLORIA, and CheXzero.

2 Methodology

Figure 2 illustrates the pipeline of the proposed
MMCLIP. MMCLIP excels in representation learn-
ing by using image-report contrastive learning and
masked modelling across both paired and unpaired
medical image-report data. Central to MMCLIP are
two innovative modules: Attention-Masked Image
Modeling (AttMIM) and Entity-Driven Masked
Language Modeling (EntMLM).

AttMIM capitalizes on vision-language interac-
tions to selectively mask discriminative features
in medical images. It seamlessly integrates image
self-attention, cross-attention with medical reports,
and prompt-driven attention. This multifaceted ap-
proach allows for the effective identification of
pathological features, even when corresponding
reports are unavailable.

EntMLM, on the other hand, concentrates on
masking and reconstructing significant entities
within medical reports, utilizing insights from im-
age representations. This integration facilitates a
more nuanced and detailed comprehension of med-
ical terminology, enhancing the capabilities of both
visual and textual learners within the MMCLIP
framework.

2.1 Image and Text Encoders

Image encoder. We employ the Vision Trans-
former (ViT) (Dosovitskiy et al., 2020) with a patch
size of 16 as the image encoder, initialized with the
weights of the clip-base, to process the given input
medical images x. Initially, x is transformed into
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Figure 2: Our MMCLIP framework builds upon CLIP, integrating MIM and MLM modules, with a redesigned
masking strategy to enhance model representation. The key contributions include three simple yet effective designs:
generating masks through feature interaction, fusing masks to augment adaptability, and refining the text masking
strategy with Medical Entity Recognition. Incorporating these designs into our multimodal pre-training framework
significantly boosts the model’s zero-shot performance.

a sequence of flattened patches. These patches are
subsequently embedded and introduced into a 12-
layer transformer followed by a linear projection
layer, denoted as F (·) and Linear(·), resulting in
encoded representations of visual tokens:

Eimg = Linear(F (x)) ∈ RNimg×C , (1)

where C is the encoding dimension and Nimg de-
notes the number of patches.

Text encoder. The text encoder also consists of a
12-layer transformer and a linear projection layer,
initialized with the weights of the clip-base, de-
noted as T (·) and Linear(·). Our method involves
the text treport and tprompt being tokenized using
Byte Pair Encoding (BPE) into Nreport and Nprompt
tokens, which are then transformed into embed-
dings. These embeddings serve as the input for the
text encoder. The encoder T (·) processes these to
create subword features:

Ereport = Linear(T (treport)) ∈ RNreport×C , (2)

Eprompt = Linear(T (tprompt)) ∈ RNprompt×C

(3)
where C represents the feature dimension.

2.2 Attention-masked Image Modeling
To address the limitations of random masking in
medical imaging, we propose an attention-masked
image modelling (AttMIM) module. It is divided
into two phases: in the attention extraction phase,
it uses an attention mechanism to focus on features
that are relevant to the medical reports, disease

prompts, and the image features themselves; in
the attention-based mask generation and blending
phase, it merges highly activated regions of these
features to generate corresponding masks that accu-
rately mask key pathology features (see Figure 3).

2.2.1 Attentions extraction
Image-report cross-attention effectively identifies
image regions that are relevant to the diagnostic
report. The detailed information contained within
these reports directs the model’s focus towards the
most crucial pathological features. Given the diver-
sity of human organs, their unique physiological
structures, and the specific pathological details as-
sociated with each, diagnostic reports typically em-
phasize areas presenting abnormalities. This guid-
ance enables the model to prioritize regions abun-
dant in diagnostic information, ensuring a more
focused and informed analysis of medical images.

Based on the cross-attention mechanism, the im-
age features after interacting with the report fea-
tures can be obtained as follows:

Ar = softmax

(
EimgE

T
report√

dk

)
· Ereport, (4)

where dk is the dimension of Ereport.
Prompt-driven attention can effectively recog-

nize the image regions related to the disease
prompts denoted as in Figure 3. Meanwhile, as
shown in Figure 2, the disease prompt contains
14 common diseases and medical devices under
the chest organ, and this rich variety of diseases
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Figure 3: Different masking strategies result in varying concerns regarding mask application. Masks that are
specifically tailored to the pathological characteristics of the lesion area are more effective than those applied
randomly.

helps the model to focus on all potential lesions,
thus improving the compatibility of MIM with all
candidate regions where lesions may be present.

Besides, including disease prompts offers a sig-
nificant advantage in scenarios where only images
are available and the corresponding diagnostic re-
ports are missing, acting as a bridge to fill the infor-
mation gap. By supplementing image data, these
prompts guide the model in identifying relevant
pathological features, enabling effective represen-
tation learning and a deeper understanding of med-
ical images without needing textual descriptions.
Based on the cross-attention mechanism, the image
features after interacting with the disease prompt
features can be obtained as follows:

Ap = softmax

(
EimgE

T
prompt√
dk

)
· Eprompt, (5)

where dk is the dimension of Eprompt.
Image self-attention directs the model to focus

on the most challenging parts of the image features
during convergence, which tend to be more difficult
regions (Wang et al., 2023), thus improving the
model’s ability and efficiency in understanding the
image (Zhang et al., 2024; Ji et al., 2024). Based on
the self-attention mechanism, the image features
after interacting with the image features themselves
can be obtained as follows:

Ai = softmax

(
EimgE

T
img√

dk

)
· Eimg, (6)

where dk is the dimension of Eimg.

2.2.2 Attention-based mask generation and
blending.

We introduce the function M(A, λ), as shown in
Fig. 7, which retrieves indices corresponding to
the top values in feature matrix A, with the num-
ber of indices determined as a proportion λ1 of

the matrix’s size. This function effectively trans-
forms these indexes into a mask corresponding to
the input matrix, which is the high-activated atten-
tion masking results in the attention extraction. We
blend the masks produced by different strategies
in a union manner and define this result as Mb,
formulated as:

Mb = M(Ar;λ1) ∪M(Ap;λ1) ∪M(Ai;λ1).
(7)

Subsequently, a subset is randomly selected in
λ2 proportion to constitute the final outcome
of AttMIM masking process. We defined it as
MAttMIM:

MAttMIM = RandomSubSet(Mb, λ2). (8)

Finally, we apply the mask MAttMIM to Eimg, ren-
dering it as the feature input for MIM, which can
be expressed as

MIMinput = MAttMIM · Eimg. (9)

The comparison results in Figure 3 show that the
interactions of image self-attention, image-report
cross-attention, and prompt-driven attention focus
on different lesion areas to varying degrees. By in-
tegrating the strengths of these, AttMIM obtains a
final mask that balances specificity and comprehen-
siveness.

2.3 Entity-driven Masked Language Modeling
Unlike natural language where fluency is empha-
sized, medical texts prioritize the accuracy of med-
ical entity terms over textual smoothness. The typ-
ical autoregressive models in general MLM tasks
may not be essential for medical MLM. Thus, we
design an EntMLM module to target disease enti-
ties for masking.

For EntMLM, we adopt ScispaCy a specialized
Named Entity Recognition (NER) tool for biomed-
ical and scientific text analysis. It excels in identi-
fying medically relevant entities, such as diseases,
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Figure 4: Illustration of entity-driven mask generation, which combines the CausalMask with the mask guided by
the medical NER to generate the final result.

drugs, medical terms, treatments, and symptoms,
from healthcare-related documents like medical
records and research papers. As shown in Figure 4,
we first identify medical entities in the report us-
ing ScispaCy, then retrieve their position indexes,
and use these indexes to guide the mask generation.
The resulting mask can be denoted as Me.

Notably, this mask is not directly applied to
the original report text but is instead integrated
with an upper triangular mask in the text decoder,
which we defined as CausalMask, where their in-
tersection is taken. CausalMask plays a key role in
self-supervised learning tasks for natural language
processing, especially in generative tasks. It facili-
tates the learning of the structure of the language
and the generation of coherent text by ensuring
that the model’s predictions rely only on past and
present information. The implementation of this
approach enhances the ability of the model to pro-
cess and generate natural language more efficiently.
Hence, the mask result of EntMLM, we defined it
as MEntMLM:

MEntMLM = RandomSubSet(Me, λ3) ∩ CausalMask.
(10)

As shown in Figure 4, this approach allows the
model to temper its focus on text fluency, thereby
enhancing its integration with image features and
improving its understanding of medical semantic
entities. Finally, we apply the mask MEntMLM to
Ereport, rendering it as the feature input for MLM,
formulated as:

MLMinput = MEntMLM · Ereport. (11)

2.4 Objective Functions

Image-Report Alignment. Inspired by (Li et al.,
2021), our approach focuses on aligning image and
text features prior to their fusion by the multimodal
decoder. This pre-alignment strategy simplifies the

process of cross-modal learning for the multimodal
decoder, facilitating a more effective integration of
visual and textual information. We follow (Radford
et al., 2021) and compute the objective alignment
function Lossalign by exploiting the fine-grained
correspondences between Eimg and Ereport, formu-
lated as:

Lossalign = − 1

N

(
N∑

i=1

log
exp(x⊤i yi/σ)∑N
j=1 exp(x

⊤
i yj/σ)︸ ︷︷ ︸

image-to-text

+
N∑

i=1

log
exp(y⊤i xi/σ)∑N
j=1 exp(y

⊤
i xj/σ)︸ ︷︷ ︸

text-to-image

)

(12)
where xi and yj are the Eimg in the i-th pair and

the Ereport in the j-th pair, respectively. N is the
batch size, and σ is the temperature to scale the
logits.

Image Reconstruction. The image decoder, in-
spired by (He et al., 2022), consists of an 8-layer
transformer, which is essential for pre-training
image reconstruction. This component integrates
encoded visible patches and mask tokens to re-
construct the image. We defined this decoder as
DMIM(·). Reconstruction accuracy is quantified by
the Mean Squared Error loss computed solely on
masked patches, shown as:

LossMIM =
∥∥yMIM, x

∥∥2 ,
where yMIM = DMIM(MIMinput). (13)

Report Reconstruction. The text decoder in our
model, following (Yu et al., 2022), features a 3-
layer transformer. The multi-modal decoder com-
bines visual and textual data, enhancing the rep-
resentations. It uses a combination of causal and

2444



disease-guided masks and integrates visual encoder
outputs via alignment from contrastive learning and
the cross-attention mechanism.

Moreover, when introducing multi-modal infor-
mation, the model can leverage visual informa-
tion to predict masked textual entities, significantly
aiding the model’s understanding during the pre-
training phase. This allows the decoder to predict
text while simultaneously incorporating image con-
text. Such an approach guarantees efficient and
flexible integration of diverse modalities in multi-
modal learning tasks. Meanwhile, the training of
text generation is to maximize the conditional like-
lihood of the paired text y under the forward au-
toregressive factorization:

LossMLM = −
T∑

t=1

logPθ(yt|y<t, x),

where yt ∈ MLMinput.

(14)

Final objective function. In the medical field,
the scenario of unpaired data is common and signif-
icant, mainly due to data access limitations, ethical
and privacy considerations, and the diversity and
complexity of medical data. These factors make it
difficult to obtain perfectly paired medical data in
practical applications and also highlight the need to
develop advanced algorithms capable of handling
such data. MMCLIP Integrating prompt-driven at-
tention and image self-attention facilitates the gen-
eration of masks for image data, which lacks cor-
responding reports. This approach improves the
training process, supports compatibility with un-
paired image data, and ensures that even data solely
involved in the MIM task contributes to enhanced
model representation learning. Our whole training
process mixes paired data and unpaired data, thus
the final objective function consists of these two
parts as well.

As shown in Figure 2, the paired data effectively
contributes to the MIM task by the image-report
cross-attention, prompt-driven attention, and image
self-attention together. Besides, it aids in the MLM
and alignment tasks through the combined use of
image and report representations, demonstrating
the advantages of multimodal feature interaction.
The objective function can be defined as:

Losspair = Lossalign + LossMIM + LossMLM.
(15)

Meanwhile, the unpaired data is unable to complete
the MLM and alignment tasks due to the lack of cor-
responding reports, but can effectively participate
in the MIM task with the help of prompt-driven
attention and image self-attention.

The objective function can be formulated as:

Lossunpair = LossMIM. (16)

The final objective is the combination of Losspair
and Lossunpair as:

Lossfinal = Losspair + Lossunpair. (17)

3 Experiments

3.1 Dataset
The experimental data is divided into pre-training
data and downstream task data. The pre-training
data includes MIMIC (Johnson et al., 2019) data
that can complete multi-modal tasks and Padchest
(Bustos et al., 2020) data used as unpaired image-
only data. The downstream task data includes bi-
nary classification datasets CovidX (Pavlova et al.,
2022) and Pneumonia (Anouk Stein, 2018), as well
as multi-label classification of 14 types of diseases
datasets CheXpert (Irvin et al., 2019) and Xray14
(Wang et al., 2017). Please refer to Appendix for
details.

3.2 Main Results
Zero-shot Classification. We compare our MM-
CLIP with different pre-training methods, includ-
ing ConVIRT (Zhang et al., 2022), GLORIA
(Huang et al., 2021), BioViL (Bannur et al., 2023),
BioViL-T(Bannur et al., 2023), CheXzero (Tiu
et al., 2022), and MedKlip (Wu et al., 2023b), for
zero-shot classification. The results in Table 1 and
Table 2 show that our MMCLIP exhibits superior
zero-shot performance across all these scenarios on
three datasets, even for the unseen class recognition
on the PadChest dataset. This may be because it is
difficult for existing models to understand the fea-
ture information contained in the whole image and
report, while the proposed AttMIM and EntMLM
can utilize the rich multimodal information of the
medical data itself to help our MMCLIP to under-
stand the more critical medical knowledge, and
even understand the complex medical features that
have not been mentioned in the report of the train-
ing set.
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Models CheXpert PadChest-Seen 8 Pneumonia
AUC F1 ACC AUC F1 ACC AUC F1 ACC

ConVIRT (Zhang et al., 2022) 52.10 35.61 57.43 74.31 23.58 80.12 79.21 55.67 75.08
GLORIA (Huang et al., 2021) 54.84 37.86 60.70 74.56 24.02 80.75 70.37 48.19 70.54
BioViL (Bannur et al., 2023) 60.01 42.10 66.13 71.17 20.75 79.58 84.12 54.49 74.43
BioViL-T (Bannur et al., 2023) 70.93 47.21 69.96 76.17 27.41 85.32 86.03 62.56 80.04
CheXzero (Tiu et al., 2022) 87.90 61.90 81.17 76.75 28.68 87.37 85.13 61.49 78.34
MedKlip (Wu et al., 2023b) 89.97 63.67 84.32 84.97 35.17 90.68 86.94 63.42 80.02
MMCLIP 90.53 67.05 86.04 85.79 33.50 91.19 86.16 62.57 80.46
+ Ensemble 91.45 69.18 86.28 86.31 35.61 92.16 86.95 63.30 80.51

Table 1: Zero-shot performance of various pre-training models on three datasets.

Specifically, in Table 1, compared to the second-
best MedKlip, the AUC scores of our MMCLIP
have increased as follows: from 89.97 to 90.53
on the CheXpert dataset, from 84.97 to 85.79 on
the PadChest-seen dataset, and from 85.94 to ours
86.16 on the RSNA Pneumonia dataset. Meanwhile,
we used the ensemble learning method to combine
the weights obtained from 6 different groups of
parameters, which can improve the performance
further on most datasets.

We comparatively analyze the zero-shot perfor-
mance of MMCLIP on the PadChest dataset for un-
seen classes. Only 8 categories in PadChest strictly
match the visible categories in the MIMIC data,
so we only report the test results of 8 visible cate-
gories in Table 1. There are 12 categories that either
cannot be strictly matched, but cannot be counted
as unseen classes, or do not appear in the test set,
so we report at most 173 unseen classes in Table
2. Our analysis of the 10 and 20 most numerous
of these unseen classes reveals that the zero-shot
performance of MMCLIP has a 4% to 5% lift.

PadChest Unseen 10 Unseen 20 Unseen 173
CheXzero (Tiu et al., 2022) 59.75 63.11 65.76
MedKlip (Wu et al., 2023b) 60.07 53.73 64.16
MMCLIP 65.09 67.14 70.00

Table 2: Comparison of zero-shot AUC scores on the
PadChest dataset. Unseen 10 represents the 10 cate-
gories with the highest number of unseen categories.

Fine Tuning. Existing multi-modal frameworks
are constrained as they require data that include
both text and images, which limits the potential for
the image encoder to leverage image-only data to
improve its representation capabilities. To address
this, we introduce a training approach designed
to work effectively with unpaired, single-modal
data. This new method allows the image encoder
to better use image-only data, enhancing its rep-

Figure 5: Performance comparison under different la-
beled data for fine-tuning. Unpaired data like PadChest
can work with pair data to improve image encoder per-
formance on the fine-tuning task.

resentation power and overall performance. Our
experiments involved two datasets, where we used
1%, 10%, and 100% of the data for fine-tuning,
aligning with the methods in previous works (Wu
et al., 2023b). As shown in Figure 5, our model
significantly outperforms existing models in terms
of AUC scores across all datasets. Meanwhile, the
performance of the model was further improved by
incorporating image data from PadChest, demon-
strating that compatibility with unpaired data is
vital for representation learning.

3.3 Ablation Study

We noticed the original CheXpert validation set’s
limitations due to its small size and inconsistent
performance tendency with the test set. To im-
prove evaluation reliability, we crafted a new vali-
dation set with 2200 image-text pairs from existing
datasets, which was used for all subsequent experi-
ments, offering a more stable basis for performance
assessment.

Improvements from AttMIM. As shown in Ta-
ble 3, when we randomly mask 75% of the features
according to the setting of MIM in MAE (He et al.,
2022) and directly splice this module with CLIP
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Init Mask Method AUC F1

no warm up clip (Baseline) 72.43 34.24
no warm up + MIM Random 72.85 34.49
warm up + MIM Random 73.98 34.80

warm up + Image Report 74.67 34.71
warm up + Prompt-driven 74.91 34.59
warm up + Image Self 74.84 34.70

warm up + AttMIM 74.96 35.22

Table 3: Zero-shot AUC on PadChest. ’Unseen 10’
refers to the 10 most frequently unseen categories.

and initialize it with the weights of MAE decoder,
we can see that the model performance improves
by 0.42% of AUC score when we train it directly.
However, CLIP and MIM rely on different training
strategies, with the latter tending to require smaller
learning rates and longer training epochs. To har-
monize the two, we first train the image encoder via
the MIM reconstruction task for 15,000 iterations,
as warm Up process. With the Warm Up, the model
further improves the AUC by 1.1%. Meanwhile,
we comparatively validate varying single strategies
with mask ratios of 0.75, and the AttMIM strategy
with the fusion of the three strategies. Experimental
results show that three attention-based mask strate-
gies can help the model understand key features
better than random. As a fusion of the three strate-
gies, AttMIM can more comprehensively improve
related capabilities.

AttMIM has two adjustable parameters: the
mask ratio of a single strategy and the final mask
ratio after multi-strategy blending. As shown in Fig-
ure 6a in the appendix, after comprehensively com-
paring the values of AUC and F1, we concluded
that the best settings are 0.7 and 0.75, which means
that all single strategies mask 70% of the image
features, and randomly select a subset after merg-
ing these masks, and finally mask 75% of image
features.

Improvements from EntMLM. After splicing
the MLM module with the existing structure, we
first tried the Full mask and the Random mask
based on the Causal Mask. The former did not
make any modifications and essentially used MLM
to complete the captioning task. The latter only
randomly selected half of the Causal Mask to com-
plete MLM tasks. As shown in Table 4, we can find
that a random mask 50% is better than a Full mask.

Mask Method Mask Ratio AUC F1

AttMIM - 74.96 35.22
+ MLM Full 1.0 74.75 34.79
+ MLM Random 0.5 75.52 34.51

+ EntMLM 0.5 74.98 34.49
+ EntMLM 0.3 75.44 34.88
+ EntMLM 0.1 74.67 34.74
+ EntMLM 0.2 75.78 35.02

Table 4: Performance of different text features masking
strategies on the new CheXpert validation set.

This may be because the task of predicting medical
entities in medical texts is difficult. When there is a
50% probability of seeing these entity words, it can
help the model better learn the knowledge in the
report. This highlights the importance of paying
more attention to medical entity words. Since the
medical text is a highly structured task focusing on
the accuracy of medical entities rather than text flu-
ency, the EntMLM we proposed mainly masks and
reconstructs medical entity words. Experimental
results confirmed this, highlighting the importance
of mask medical entities.

EntMLM has only one learnable parameter, un-
like MLM where the mask ratio is a percentage of
the sentence length. The ratio of EntMLM is the
mask ratio for the medical entity words detected by
NER. In Figure 6b, when the mask ratio is 0.2, the
comprehensive indicators of AUC and F1 reach the
best.

4 Conclusion

In this paper, we propose MMCLIP, an advanced
medical VLP framework that aims to overcome ma-
jor challenges in medical image and text analysis
by introducing an innovative cross-modal attention
masking modeling mechanism. By fusing AttMIM
and EntMLM, MMCLIP can accurately capture key
pathological features in medical data and improve
the model’s ability to understand complex medical
scenes. In addition, we also use disease prompts
to make the model compatible with unpaired data.
Through pre-training on two large-scale medical
datasets and validation on multiple downstream
tasks, MMCLIP demonstrates its superior perfor-
mance, not only achieving state-of-the-art results
in the zero-shot setting but also in the fine-tuning
setting. This result proves the practicality and effec-
tiveness of MMCLIP in deep learning applications
in the medical field.
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Appendix

A Implementation Details

We initialize the image and text encoders with offi-
cial clip pre-training weights. The experiments are
conducted using a single NVIDIA A100. SGD is
employed as the network optimizer with a momen-
tum of 0.9 and an initial learning rate of 5e-5. The
input resolution is set to 224 × 224, and the batch
size is 64. For a warm-up, we first optimize the
masked modeling objectives for 15,000 iterations
and then jointly train all objectives end-to-end. Af-
ter pre-training, we keep only the image and text
encoders for downstream tasks. Using the CLIP
(Radford et al., 2021) approach, zero-shot classifi-
cation is done by matching the image and category
name features from both encoders. Meanwhile, the
image encoder can be used independently for fine-
tuning classification tasks. About evaluation met-
rics, following previous works (Tiu et al., 2022;
Xie et al., 2023), we adopt the area under the ROC
curve (AUC), ACC, and F1 scores, which are stan-
dard metrics to evaluate classification tasks.

B Pre-training Dataset

MIMIC-CXR (Johnson et al., 2019) encompasses
more than 227k investigations with paired imagery
and report data, originating from 65,379 individu-
als across varied scanning instances. Each investi-
gation might contain one or two images (diverse
scanning perspectives), summing up to a total of
377,110 images.
PadChest (Bustos et al., 2020) is a comprehensive,
chest x-ray dataset with 160k+ images from 67k pa-
tients, acquired at San Juan Hospital, Spain (2009-
2017), inclusive of six varied positional views and
rich associated patient/report data. Reports, catego-
rized into 174 radiographic findings, 19 differential
diagnoses, and 104 anatomical locations, utilize
UMLS terminology and incorporate a hierarchical
taxonomy. Limited by the fact that PadChest pairs
are labelled in Spanish, this experiment only uses
the image of this dataset.

C Datasets for Downstream Tasks

CheXpert (Irvin et al., 2019), is a large-scale
dataset, containing 224,316 labelled chest X-rays
from 65,240 patients. It covers 14 conditions in-
cluding Fracture, Edema, Consolidation, Enlarged
Cardiom, Cardiomegaly, Lung Lesion, Lung Opac-
ity, Pneumonia, Atelectasis, Pneumothorax, Pleural

Effusion, Pleural Other, Support Devices, and No
Finding. This dataset is involved in zero-shot and
linear probing in our downstream tasks, both us-
ing the officially released test set with 500 images,
which is consistent with the existing work (Wu
et al., 2023b; Xie et al., 2023).

COVIDx (Pavlova et al., 2022) datasets is used
for COVID-19 diagnosis. COVIDx has 29,986 im-
ages from 16,648 patients, used for the binary
classification task of COVID symptoms, with a
70%/20%/10% split for training, validation, and
testing. This dataset is utilized for fine-tuning pur-
poses, following the existing work (Wu et al.,
2023b).

Pneumonia(Anouk Stein, 2018) comprises over
260,000 frontal view chest X-ray images along with
their corresponding pneumonia opacity masks, as
well as support binary classification for pneumo-
nia symptom, which were collected by the Radio-
logical Society of North America. Following the
settings of previous work(Wu et al., 2023b), this
dataset is divided into three parts: 60% for training,
20% for validation, and 20% for testing.

Xray14 (Wang et al., 2017) includes 112,120
frontal view X-ray images, each annotated with
14 disease labels derived from corresponding radi-
ology reports. Following the methodology outlined
in previous work(Wu et al., 2023b), the dataset is
divided into three subsets: 70% of the data is allo-
cated for training, 10% for validation, and 20% for
testing. This division is carried out at the patient
level to ensure that images from the same patient
are not present across different subsets, thereby
avoiding any overlap between the training, valida-
tion, and testing groups.

PadChest testset encompasses 193 different cat-
egories, which can be used to evaluate zero-shot
classification performance for unseen classes. We
first identify 20 categories that were present during
the pretraining phase. Then, we pinpoint categories
not seen during pretraining within the test set. Next,
we rank these unseen categories based on their fre-
quency and select groups of the top 10 and top 20
most frequent unseen categories, as well as a group
including all 173 unseen categories. Performance
tests for zero-shot classification are conducted sep-
arately on each of these groups.
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(a) AUC and F1 under different mask ratios of AttMIM. (b) AUC and F1 under different mask ratios of EntMLM.

Figure 6: AUC and F1 under different mask ratios of (a) AttMIM and (b) EntMLM.

D Related Works

D.1 Medical Vision Language Pretraining

Driven by the effectiveness of self-supervised pre-
training methods in NLP and CV, there is promising
potential for customizing VLP methods to medi-
cal imaging analysis, such as lesion detection (Liu
et al., 2019) and segmentation (Wu et al., 2023a;
Zhang et al., 2023b,a). The most recent research
exploring VLP is now centred around: improving
feature extraction capabilities (Lu et al., 2019; Li
et al., 2019); improving model structure (Li et al.,
2020; Su et al., 2019); improving training meth-
ods (Li et al., 2019; Chen et al., 2020); improving
model compatibility with different modalities (Xie
et al., 2022a); introducing preprocessing modules
(Mu et al., 2022); introducing prior knowledge (Wu
et al., 2023b). As an application and extension of
VLP in the medical field, Medical VLP focuses
on understanding the content of medical images
and texts. The latest outstanding research mainly
focuses on the following three directions: 1) Model
structures, particularly improvements in dual en-
coders (Jia et al., 2021; Yao et al., 2021) and fusion
encoders (Li et al., 2019; Kim et al., 2021; Tan
and Bansal, 2019; Yu et al., 2021); 2) Scaling up
training data, by collecting high-quality medical
multi-modal datasets from various platforms to en-
hance representational learning (Huang et al., 2023;
Lin et al., 2023; Awais et al., 2023); 3) utilization of
medical-specific prior knowledge to enhance model
representational performance through prompts (Wu
et al., 2023b; Wang et al., 2022).

D.2 Mask Image or Language Modelling

The development of MIM in computer vision, rep-
resented by MAE (He et al., 2022), SimMIM (Xie
et al., 2022b), and iBOT (Zhou et al., 2021), marks
a significant advance in self-supervised learning.
MAE and SimMIM innovate in image masking,
while iBOT combines these advances with the pre-
training technology of self-distillation. Recent ap-
proaches have extensively explored various fusions
of SSL techniques. For example, CTITM (Chen
et al., 2023) utilizes MIM and MLM to augment
CLIP, thereby enhancing the expressive power of
the visual coder. MaskVLM (Kwon et al., 2022) not
only effectively integrates CLIP, MIM, and MLM,
but also innovatively explores strategies for images
and text to guide each other in generating masks,
thus optimizing the synergy between modalities.
However, these methods have limitations: they ei-
ther don’t make full use of the available multimodal
information, depending instead on features from a
single mode to perform tasks, or their exploration
of masking strategies is confined to using random
methods.

D.3 Attention Masked modelling

Traditional MIM pre-training methods typically
require the model to predict the content of masked
image patches using predefined masking strategies
such as random masking, block-wise masking, and
uniform masking. However, we believe that merely
solving these tasks is insufficient; the model also
needs to learn how to create challenging tasks.

In the realm of attention-based mask modeling,
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A. Report Guided Mask B. Disease Guided Mask C. Image Guided Mask

Report : Loculated right pleural 
effusion with basilar ......

Multimodal Based Masking

Report Template ImgSelf

Union & Subset

Template : Atelectasis, Edema
Cardiomegaly, Fracture ..... 

Image feature only

Text Feature

Image Feature

D. Multi-strategy Fusion Mask

Attn Mask Text Decoder

Report : Loculated right pleural effusion with basilar ......

Attn Mask Text Decoder

Report : Loculated X X X X X X X X 
Figure 7: The working mechanism of function M: The features obtained from different text data correspond to
image features through the Cross Attention layer, querying the corresponding activated features to identify different
regions of interest. These regions of interest are then combined, and a 25% subset is randomly selected to obtain the
final Mask result. Unlike MediM, which only uses dot products to activate cross-modal response features, MMCLIP
employs cross-attention for deeper feature activation. This allows the model to induce more precise key areas from
text features.

hard patch mining (HPM) stands out as a ground-
breaking training paradigm for MIM, designed to
enhance a model’s comprehension of image con-
tent (Wang et al., 2023). HPM method first has the
model generate a challenging mask and then trains
the model to predict the masked patches, similar
to traditional methods. This approach enables the
model to learn where it is worth applying masks
while simultaneously learning how to solve the
problems. Also, HPM introduces new metrics to
measure the difficulty of the pre-training task by
reconstructing the loss, which could help the model
to focus more on challenging problems.

Meanwhile, traditional random masking strate-
gies, effective in general domains, fall short in med-
ical contexts where precision is crucial (Chen et al.,
2022; Huang et al., 2021; Müller et al., 2022; Zhang
et al., 2022; Wu et al., 2023b; Zhou et al., 2022).
MedIM (Xie et al., 2023) mitigates the unique chal-
lenges posed by healthcare data by improving mask
strategies.

However, current methods either rely solely on
single-mode features for their attention mecha-
nisms (Kwon et al., 2022) or have limited inter-
action between multimodal features, such as only
employing feature matching (Xie et al., 2023). Our
proposed method solves these problems well by em-
ploying cross-attention for multimodal feature in-
teraction while performing attention-masked mod-
elling on features that incorporate multimodal in-
formation, which allows the model to understand

image and text information in a more integrated
way.

E Further Analysis

E.1 Different Evaluation Protocols

We further analyze the performance of our method
across different evaluation protocols and datasets.
As shown in Table 5, our model achieves strong re-
sults compared to existing approaches, even though
prior methods follow different reporting conven-
tions. For instance, CheXzero reports only ensem-
ble zero-shot performance, while our method pro-
vides both single-model and ensemble results. Un-
der the same data setup, our single model already
achieves competitive performance, and the ensem-
ble variant further improves the results. In addi-
tion, compared with methods such as MedKLIP,
which incorporate external medical knowledge dur-
ing training, our approach relies solely on paired
image–report data while still achieving comparable
or superior performance, suggesting the effective-
ness of the proposed pre-training strategy.

We also observe that the evaluation in Table 1
is based on 14 CheXpert-style labels, some of
which are generated by automatic labelers and
may contain synthetic noise. To better assess clin-
ical reliability, we further evaluate on ChestX-
pert (5 classes), which provides fully human-
annotated gold-standard labels. On this benchmark,
our method shows more pronounced improvements
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Method ChestXpert (5) PadChest (All) PadChest (Unseen 173) PadChest (Unseen 10) PadChest (Unseen 20) Mean

Gloria 53.44 51.12 50.77 50.80 50.24 51.27
MGCA 84.28 66.19 66.04 60.11 60.98 67.52
CheXzero 87.51 66.43 65.76 59.75 63.11 68.51
MedKlip 88.76 65.45 64.16 60.07 53.73 66.43

Ours 91.42 71.54 70.00 65.09 67.14 73.04

Table 5: Zero-shot classification performance across ChestXpert and PadChest benchmarks (%).

Method CheXpert Pneumonia Knee Osteoarthritis Osteoarthritis

1% 10% 100% 1% 10% 100% 10% 100% 10% 100%

MedKlip 64.70 68.04 69.40 74.70 79.43 81.84 30.86 37.92 34.32 35.62
CheXzero 81.18 82.72 83.15 73.94 81.25 82.44 40.82 49.40 34.56 35.39
Ours 83.65 85.43 86.29 89.01 89.38 90.34 41.32 49.94 34.91 36.57

Table 6: Performance comparison under different label
fractions across multiple datasets (%).

compared to other approaches, indicating its ad-
vantage under more reliable supervision. To fur-
ther examine generalization ability, we conduct
zero-shot evaluations on ChestXpert and multiple
subsets of the PadChest dataset, including the full
label space as well as several unseen-class splits
(173 unseen classes, 10 unseen major classes, and
20 unseen major classes). Across all settings, our
method consistently achieves the best performance.
Notably, the performance gain becomes more sig-
nificant on unseen categories, which represent a
more challenging setting for semantic generaliza-
tion. These results demonstrate that our method
not only performs well on standard benchmarks,
but also generalizes effectively to more diverse and
previously unseen conditions.

E.2 Cross-Domain Transferability

We further evaluate the transferability of our
method beyond chest X-ray (CXR) data. To this
end, we conduct linear probing experiments on two
musculoskeletal imaging tasks, Knee Osteoarthritis
and Osteoarthritis, which differ significantly from
CXR in terms of anatomy, visual appearance, and
disease semantics. These datasets provide a more
challenging setting for assessing cross-domain gen-
eralization under supervised protocols.

Despite being pre-trained exclusively on CXR-
style data, as shown in Table 6, our method con-
sistently outperforms strong baselines across both
datasets and under different label fractions (10%
and 100%). This demonstrates that the proposed
attention-guided masking strategy improves the ro-
bustness and semantic alignment of the learned
visual representations, enabling effective transfer
beyond thoracic imaging. We also note that the 1%
setting is not included for these datasets. To ensure

consistency, we adopt a unified batch size across all
experiments. However, the number of samples in
the 1% split is smaller than a single batch, making
training infeasible under this configuration. There-
fore, we report results only for the 10% and 100%
settings.

Mask Method Time Cost / Epoch (h)

Baseline 1.80
+ Random Mask 2.20
+ Image Report 2.25
+ Prompt-driven 2.25
+ Image Self 2.30
+ AttMIM 2.40

Table 7: Training time per epoch under different mask-
ing strategies.

E.3 Computational Overhead

The additional computation introduced by the pro-
posed masking mechanism arises only during the
pre-training stage, where the masking map is gen-
erated using three attention sources, including self-
attention, cross-attention, and disease-prompt atten-
tion. In practice, this overhead is modest. As shown
in Table 7, the per-epoch training time increases
from 1.80 hours for the baseline to 2.40 hours with
AttMIM, representing a relatively small incremen-
tal cost compared to the overall pre-training budget.
Importantly, the masking mechanism is applied
only during pre-training. For all downstream tasks,
including zero-shot inference and fine-tuning, the
model directly uses the pre-trained visual encoder
without introducing any additional computation or
latency compared to the baseline. Therefore, the
proposed method maintains the same efficiency
at inference time while achieving consistent per-
formance improvements. Overall, this design pro-
vides a favorable trade-off between training cost
and downstream effectiveness.

E.4 Pathology-Aware Reconstruction

We further analyze whether the observed perfor-
mance gains come from the proposed method it-
self rather than from additional pre-training data.
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Method Dataset ChestXpert (5) PadChest (All)

MedKlip MIMIC 88.76 65.45
MMCLIP (Single) MIMIC 89.10 68.49
MMCLIP (Single) MIMIC + PadChest 89.15 69.43
MMCLIP (Ensemble) MIMIC + PadChest 91.42 71.54

Table 8: Comparison of different training data configu-
rations and model variants (%).

To this end, we conduct a controlled comparison
in which both MedKLIP and our model are pre-
trained exclusively on the MIMIC dataset. Under
this strictly matched setting, as shown in Table 8,
our method already outperforms MedKLIP on both
ChestXpert (89.10% vs. 88.76%) and PadChest
(68.49% vs. 65.45%), indicating that the improve-
ment primarily stems from the proposed method
rather than data scale. When additional PadChest
data is incorporated, the performance is further
improved (ChestXpert: +0.05; PadChest: +0.94),
suggesting that although extra data provides com-
plementary benefits, the main contribution lies in
the method itself.

We also examine whether the performance im-
provements are associated with meaningful model
behavior rather than unrelated factors. Quantita-
tively, as shown in Table 3, different masking strate-
gies consistently improve over the CLIP baseline.
While random masking yields only marginal gains,
pathology-aware strategies such as Image-Report,
Prompt-driven, and Image-Self lead to larger and
more stable improvements. The proposed AttMIM
achieves the best performance (AUC 74.96, F1
35.22), indicating that the gains are well aligned
with the design of the masking mechanism. Qualita-
tively, Figure 3 provides direct visual evidence sup-
porting this observation. The visualization shows
that different masking strategies focus on distinct
yet clinically meaningful regions, including dom-
inant lesions, additional abnormalities, and struc-
turally challenging boundaries. The final combined
strategy integrates these complementary behaviors,
resulting in a more comprehensive and balanced
focus on pathological regions.

Overall, both the quantitative improvements and
the qualitative visualizations consistently demon-
strate that the proposed masking mechanism effec-
tively guides the model to focus on clinically rele-
vant regions during reconstruction, thereby leading
to robust and interpretable performance gains.

F Limitations

Although MMCLIP shows strong performance
across multiple tasks, some limitations remain. The

model is primarily trained on chest X-ray data,
so its applicability to other imaging modalities
and anatomical regions still needs further valida-
tion. In addition, its reliance on predefined disease
prompts and entity recognition tools may limit
robustness when handling rare conditions or di-
verse reporting styles. The attention-guided mask-
ing strategy, while beneficial for feature learning,
also increases computational cost, which may re-
strict use in resource-limited settings. Finally, as
current experiments are mainly conducted on pub-
lic datasets, broader evaluation in real-world clini-
cal environments is necessary to confirm its relia-
bility.

2455


