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Abstract

Recent advancements in medical vision-language tasks,
such as Medical Visual Question Answering (Med-VQA)
and Medical Image-Text Retrieval (Med-ITR), aim to jointly
learn from images and texts. However, two main issues
persist in the field: the neglect of multi-view medical im-
ages and incomplete cross-modality understanding. Cur-
rent studies often treat each image-text pair as independent
instances (i.e., at the instance-level), neglecting the compre-
hensive contextual information available from multi-view
images of the same study. Although some methods have
explored refined alignments, combining the alignment of
global representation with the token-wise alignment of lo-
cal representations, they often utilize only a uni-modality
encoder (e.g., visual encoder) for downstream applica-
tions, lacking a comprehensive cross-modality understand-
ing. To address these issues, this paper introduces a frame-
work MVCM that supports Multi-View and Cross-Modality
alignment for Med-VQA and Med-ITR tasks. Our pro-
posed method fully utilizes multi-view images in radiology
datasets and aligns them at the study-level. We also em-
ploy various pretext tasks to support cross-modality align-
ment. We fine-tune the proposed model on downstream
tasks Med-VQA and Med-ITR, outperforming state-of-the-
art methods across multiple datasets. The code is available
at https://github.com/AlexCo1d/MVCM .

1. Introduction

Deep learning has significantly advanced image under-
standing, particularly when large-scale labeled datasets are
available for training [19, 45, 46]. However, for some tasks
like visual question answering (VQA) and image text re-
trieval (ITR) that require multi-modal understanding, espe-
cially vision and language understanding, obtaining well-
annotated datasets is labor-intensive [4]. One way to ad-
dress this challenge is Vision-Language Pre-training (VLP,
[32–34, 44]), which strategically pre-trains on unlabeled
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Figure 1. Overview of MVCM for pre-training and fine-tuning.

datasets via pretext tasks before fine-tuning for specific
downstream tasks. VLP learns the multi-modal knowl-
edge by two main types of pretext tasks, generative way
[12, 22, 40] and contrastive way [17, 44]. Generative way
attempts to reconstruct the masked information based on the
remaining information. Contrastive way, tries to use con-
trastive learning to maximize the mutual information be-
tween images and texts. The two types of VLPs are also
combined [31–33] for comprehensive understanding. Re-
cently, VLP is applied to medical domains, yielding Medi-
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cal Vision-Language Pre-training (Med-VLP).
Med-VLP studies [9, 25, 48, 53] have limitations in

fully utilizing the medical image-report datasets. For ex-
ample, a single radiology report corresponds to a complete
study that includes multiple image views. However, existing
Med-VLP studies commonly treat each image-text pair as a
unique sample during training, so the model is trained at in-
stance-level (e.g., image-text pairs are constructed based on
single-view image and its corresponding text report, with-
out including other views). Some studies like [48] attempt
to align image-text information at the disease level. How-
ever, they still rely on instance-level datasets where each
image-text pair consists of only frontal view image. There-
fore, the single-view based methods lead to inefficient uti-
lization of valuable medical image-report data and incom-
plete medical cross-modality understanding.

Besides, to achieve cross-modality understanding and
address more complex downstream tasks such as Medi-
cal Visual Question Answering (Med-VQA) and Medical
Image-Text Retrieval (Med-ITR), several studies [7, 8] at-
tempt to fuse multi-modal information via various pretext
tasks. Meanwhile, inspired by [24, 31], other researches
like [35, 36] not only implement modality fusion but also
explore the use of Momentum Distillation (MoD) across
pretext tasks. Nevertheless, despite their attempts to ap-
ply MoD to the contrastive pretext tasks, they only focus
on aligning the global representations between image and
text, while ignoring other refined alignments. Meanwhile,
although studies like [25, 41, 48] explore refined local-level
alignment between image tokens and text tokens, they ulti-
mately utilize only the visual encoder in downstream tasks,
failing to achieve comprehensive cross-modal understand-
ing for tasks like Med-VQA and Med-ITR. Consequently,
the full potential of cross-modality alignment still remains
under-explored.

To solve the problems of fully utilizing the multi-view
images in the dataset, and explore the cross-modality align-
ment, we propose a novel and systematic approach for Med-
VLP, named MVCM: a framework that supports Multi-
View alignment and comprehensive Cross-Modality align-
ment for Medical Vision Language Pre-training. Our con-
tributions can be summarized as follows:
• We propose to utilize the multi-view images in the med-

ical image-report dataset at study-level. Specifically, we
re-organize the dataset per study, keeping all multi-view
images of one study. When one study contains multiple
views, we randomly sample two images of different views
and align them in a pretext task. When the study in a
dataset corresponds to only one image, different views of
one image can be generated via strong random augmen-
tations [5, 21]. The related pretext task is proposed as
Image Multi View Contrastive learning (IMVC), which
explores the inner relationship within the visual modal-

ity. Our approach fully utilizes the medical image-report
dataset, enabling our model to learn medical knowledge
from multiple views.

• We propose to use multiple refined pretext tasks for cross-
modality alignment. We not only use Image-Text Global
Contrastive Learning (ITGC) to align the global image-
text representations but also align the representations lo-
cally via Image-Text Local Contrastive Learning (ITLC).
Besides, we utilize pretext tasks that require a cross-
modality understanding of image and text, like Image-
grounded Text Generation (ITG) and Image Text Match-
ing (ITM).

• Our MVCM achieves state-of-the-art performance on var-
ious downstream tasks that require a joint understanding
of images and texts, such as VQA and Image-Text Re-
trieval. We first pre-train MVCM (Fig. 1(a)) on multiple
datasets jointly including MIMIC-CXR [28], ROCO [43]
and MedICaT [47]. Then we fine-tune MVCM (Fig. 1(b))
on downstream datasets like VQA-RAD [30], SLAKE
[37] and PathVQA[23] datasets for VQA task, as well as
CheXpert 5×200 [25, 26] and ROCO datasets for Image-
Text Retrieval task.

2. Related Works
2.1. Medical Vision Language Pre-training

Recently, jointly pre-training vision and language for med-
ical data has been explored. ConVIRT [53] and Med-
CLIP [50] perform global alignment via contrastive learn-
ing. CPCR [38] combines conditional reasoning and con-
trastive learning. GLoRIA [25], LoVT [41], MGCA [48]
and PRIOR [9] try to combine the local alignment plus
global alignment together. To explore generative pretext
tasks, [51, 55] focus on tasks like Masked Image Model-
ing (MIM), while M3AE [7] combines Masked Language
Modeling (MLM) and MIM, fusing multi-modality infor-
mation via cross-attention to reconstruct the masked infor-
mation. Further studies like MRM[54] and CMITM [3]
combine contrastive and generative pretext tasks, focusing
on the global alignment. PRIOR [9] attempts to addition-
ally learn from prototype representation. However, most of
these models only utilize the uni-modal encoders for down-
stream tasks (e.g., Classification and Segmentation), con-
straining their cross-modality understanding.

2.2. Learning from Multi-View Medical Images

There are many works on multi-view images for classifi-
cation [1, 2], segmentation [39] and text-report generation
[49, 52]. For the chest X-rays dataset, CheXpert [26] and
MIMIC [28] are widely used for Med-VLP’s pre-training.
However, most previous studies use chest X-ray images for
disease classification and report generation, considering the
frontal and lateral images from the same patient as two in-
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dependent instances [27], while some studies like [49, 52]
argue that lateral images contain complementary informa-
tion to frontal images that benefit text report generation.
LIMITR [11] utilizes both the frontal and lateral views of
one patient for aligning with text reports. To the best of our
knowledge, there is still no study that explores the align-
ment within multi-view images for Med-VLP.

2.3. Cross-Modality Understanding for Med-VLP

To explore the fusion module for cross-modality under-
standing and explore complex downstream tasks like Visual
Question Answering (VQA), M3AE [7] tries to use cross-
attention to integrate image and text information via Vision
Transformer. ARL [8] and LaPA [18] use knowledge ex-
tracted outside the dataset. Inspired by works from [24, 31],
M2I2 [36] uses Momentum Distillation (MoD) for efficient
supervision while training, also combining contrastive and
generative pretext tasks. Following M2I2, MUMC [35] not
only uses MoD, but also tries to align representations of
multi-modality and uni-modality and achieves better VQA
ability. Though these methods apply MoD to the cross-
modality alignment, they only focus on pretext tasks like
Image-Text Contrastive learning, without exploring the lo-
cal alignment of image and text or the alignment of multi-
view images to cross-modality understanding.

3. Methodology

We first introduce our pre-training model’s architecture
(Sec. 3.1), then we introduce the pre-training objectives
(Sec. 3.2), and how Momentum Distillation works with the
cross-modality alignment (Sec. 3.3). We then introduce the
downstream tasks for our pre-trained model (Sec. 3.4).

3.1. Pre-training Model

3.1.1 Overview

Our pre-training model (Fig. 1(a)) tries to employ the
dataset at study-level, which contains multi-view images
and matched text reports. Given a training set D =
{(X1, R1), . . . , (Xn, Rn), . . . , (XN , RN )} that represents
N studies of images and text reports. We use Xn =
{x1

n,x
2
n, . . . ,x

sn
n }, sn ≥ 1 to represent the n-th study

that has sn amount of image views, and Rn to represent
the corresponding text report. During each training epoch,
two views of a study are randomly sampled, denoted as
x
(1)
n ,x

(2)
n , which are then encoded by a visual encoder (e.g.,

Vision Transformer [14]), yielding two features V (1)
n , V

(2)
n .

In addition, the text report Rn are directly encoded by the
tokenizer, yielding Wn.

Our MVCM, denoted as f in Fig. 2(a), consists of visual
branch and textual branch (i.e., (fv, f ′

v) and (ft, f
′
t)), which

are both able to process uni-modality and cross-modality

information separately. For uni-modality, MVCM takes
V

(1)
n , V

(2)
n ,Wn as input, and output features via fv, ft:

(I(1)n , I(2)n , Tn) =f(V (1)
n , V (2)

n ,Wn)

=(fv(V
(1)
n ), fv(V

(2)
n ), ft(Wn)),

(1)

where I
(1)
n , I

(2)
n ∈ Rp×d, Tn ∈ Rwn×d. I(1)n and I

(2)
n rep-

resent image features that contain p d-dimensional tokens
{z1

n, z
2
n, . . . , z

p
n}, while Tn represents text feature with

wn + 1 tokens {tclsn , t1n, t
2
n, . . . , t

wn
n }. tclsn is the [CLS]

token of Tn. Uni-modality features I
(1)
n , I

(2)
n , Tn are uti-

lized for modality alignment (i.e., Image Multi-View Con-
trastive Learning (IMVC), Image-Text Global Contrastive
Learning (ITGC) and Image-Text Local Contrastive Learn-
ing (ITLC)). The cross-modality information in MVCM is
processed via f ′

v, f
′
t :

(I ′n, T
′
n) = (f ′

v(Vn,Wn), f
′
t(Wn, Vn)), (2)

where Vn ∈ {V (1)
n , V

(2)
n } is one of the multi-view images

selected randomly, I ′n and T ′
n are of the same shape as the

In and Tn. They are subsequently used for Image-grounded
Text Generation (ITG) and Image-Text Matching (ITM),
which require cross-modality information.

3.1.2 Architecture of MVCM

As shown in Fig. 2(a), for Modality Alignment (i.e., ITGC,
ITLC, and IMVC), we use ft and fv , which keep uni-
modality information independently (Eq. (1)), while for
ITG and ITM we use f ′

t and f ′
v , where cross-modality rep-

resentations are bidirectional (Eq. (2)). To achieve this,
the sub-modules within each branch use different Self-
Attention (SA) layers, denoted with different colors in
Fig. 2(a). Visual branch utilizes a query Q ∈ Rp×d with
p learnable tokens to succinctly represent image informa-
tion. In the Cross-Attention (CA) layer, fv performs cross-
attention between Q and paired input image features V

(1)
n

and V
(2)
n , whereas f ′

v conducts cross-attention between Q
and Vn. Meanwhile, textual branch ft and f ′

t take Wn as
input in Self-Attention layers. Finally, after the respective
feed-forward (FF) layers of the visual branch and textual
branch, our MVCM outputs I

(1)
n , I

(2)
n , Tn as depicted in

Eq. (1), and outputs I ′n, T
′
n as Eq. (2).

MVCM also has a momentum model fM, which is of
the identical structure as the main model f and uses a mo-
mentum strategy [24, 31] to update its weight. The outputs
of fM are denoted as (I

(1)
M,n, I

(2)
M,n, TM,n, I

′
M,n, T

′
M,n),

which are involved in computing the momentum distillation
loss of ITG, IMVC, ITGC.

3.2. Pre-training Objectives

As shown in Fig. 2(a), we train MVCM via five objectives.
We use Image-Text Global Contrastive Learning (ITGC),
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Image-Text Local Contrastive Learning (ITLC) and Image
Multi-View Contrastive Learning (IMVC) to train Modal-
ity Alignment. Besides, we utilize Image-grounded Text
Generation (ITG) and Image-Text Matching (ITM) to en-
able pretext tasks with cross-modality information.

3.2.1 Image-Text Global Contrastive Learning

ITGC learns to predict whether an image-text pair is
positive or negative. As shown in Fig. 2(b), given an
input image-text pair (In, Tn) from MVCM, we com-
pute the InfoNCE Loss [42] between its features. Be-
sides, to expand the range of contrastive learning, we
maintain the most recent M pairs of projected image-
text features in a Memory Bank, denoting them as
{(Iq1 , T

q
1 ), (I

q
2 , T

q
2 ), . . . , (I

q
M , T q

M )}. We first compute the
similarity between global image feature (In) and text fea-
tures (tclsn ) using:

s(In, t
cls
n ) = Max(Projv(In)Projt(t

cls
n )), (3)

where Max(·) selects the highest value from all compo-
nents, Projv and Projt is a d to d′ projection for global

image features and text features. Then, the InfoNCE Loss
is calculated using the features from the Memory Bank:

li2t(In) = −log
exp(s(In, t

cls
n )/τ1)∑M

k=1 exp(s(In, t
cls,q
k )/τ1)

,

lt2i(Tn) = −log
exp(s(tclsn , In)/τ1)∑M
k=1 exp(s(t

cls
n , Iqk)/τ1)

,

(4)

where τ1 is a temperature parameter, and tcls,qk represents
the [CLS] token of Tk in the Memory Bank. Afterwards,
we calculate LITGC as:

LITGC =
1

2N

N∑
n=1

[
li2t(In) + lt2i(Tn)

]
. (5)

3.2.2 Image-Text Local Contrastive Learning

ITLC aligns image features and text features at the token-
wise level. Specifically, given (In, Tn) from MVCM, ITLC
aligns the image tokens {z1

n, z
2
n, . . . , z

p
n} in the image fea-

ture In, with the word tokens {t1n, t2n, . . . , twn
n } in the text

feature Tn except the [CLS] token tclsn .
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We first project In and Tn into lower-dimensional
features with dimension d′′ using function g, obtaining
Ĩn = g(In), T̃n = g(Tn), where Ĩn ∈ Rp×d′′

, T̃n ∈
Rwn×d′

. The tokens in the projected features are marked
as {z̃1

n, z̃
2
n, . . . , z̃

p
n} and {t̃1n, t̃

2
n, . . . , t̃

wn

n }. The cosine
similarity between image and text is calculated as S =

Ĩn(T̃n)
⊤, S ∈ Rp×wn . Let Sij = sim(z̃i

n, t̃
j
n) denotes the

similarity between the i-th image token and the j-th word
token, thus the softmax-normalized cosine similarity is:

at2iij =
exp(Sij/τ2)∑p

k=1 exp(Skj/τ2)
, (6)

where τ2 is a temperature parameter. The context-aware
image feature based on the j-th word token is as follows:

ct2ij =

p∑
k=1

at2ikj z̃
k
n. (7)

We then propose to use ct2ij to compute the P t2i
j (n), which

stands for the InfoNCE Loss between localized text feature
t̃
j
n and context-aware localized image feature ct2ij . Given

the j-th word token, P t2i
j (n) is computed as:

P t2i
j (n) =− 1

2

(
log

exp(sim(t̃
j
n, c

t2i
j )/τ3)∑wn

k=1 exp(sim(t̃
j
n, c

t2i
k )/τ3)

+ log
exp(sim(ct2ij , t̃

j
n)/τ3)∑wn

k=1 exp(sim(ct2ij , t̃
k
n)/τ3)

)
,

(8)

where τ3 is a temperature parameter similar to τ2. We com-
pute the localized text feature loss Lt2i

ITLC as:

Lt2i
ITLC =

1

N

N∑
n=1

[ 1

wn

wn∑
j=1

rt2ij P t2i
j (n)

]
, (9)

where rt2ij is an assigned weight for the loss of each word

token t̃
j
n. Specifically, rt2ij is set to the averaged attention

weight from tjn to tclsn generated in the last layer of ft.
Similarly, the Li2t

ITLC can be calculated as:

Li2t
ITLC =

1

Np

N∑
n=1

p∑
i=1

ri2ti P i2t
i (n), (10)

where P i2t
i (n) stands for the InfoNCE Loss computed sim-

ilarly as Eq. (8), and ri2ti is an assigned weight for image
token z̃i

n. We use the averaged attention weight from p im-
age tokens to zi

n in the last layer of fv . Ultimately, using
Eq. (10) and Eq. (9), we have:

LITLC =
1

2

(
Lt2i
ITLC + Li2t

ITLC

)
. (11)

3.2.3 Image Multi-View Contrastive Learning

IMVC enables MVCM to align two different views of im-
ages that belong to one study. Calculating IMVC is similar
to ITGC. Given two different views of images I

(1)
n , I

(2)
n ,

we first compute the similarity between the projected image
features and text features using

s′(I(1)n , I(2)n ) = Max(Projv(I
(1)
n )(Projt(I

(2)
n ))⊤), (12)

then we compute the InfoNCE loss within one batch with B

samples {(I(1)1 , I
(2)
1 ), (I

(1)
2 , I

(2)
2 ), . . . , (I

(1)
B , I

(2)
B )}:

li1,i2(I(1)n ) = −log
exp(s′(I

(1)
n , I

(2)
n )/τ4)∑B

k=1 exp(s
′(I

(1)
n , I

(2)
k )/τ4)

,

li2,i1(I(2)n ) = −log
exp(s′(I

(2)
n , I

(1)
n )/τ4)∑B

k=1 exp(s
′(I

(2)
n , I

(1)
k )/τ4)

,

(13)

where τ4 is a temperature parameter. Afterwards, we have:

LIMVC =
1

2N

N∑
n=1

[
li1,i2(I(1)n ) + li2,i1(I(2)n )

]
. (14)

3.2.4 Image-grounded Text Generation

ITG trains our MVCM to generate the masked texts. For
Modality Alignment, the multi-modality information is mu-
tually independent, while for ITG, we need fused informa-
tion. Since the architecture of MVCM only allows interac-
tions between the image features extracted by query tokens
and the text tokens, we utilize a self-attention masking strat-
egy, passing the cross-modality information bidirectionally
in self-attention layers. To compute LITG, we decode the
T ′
n obtained from Eq. (2), yielding the generated text, and

then we compare it with the Wn via a CrossEntropy loss.

3.2.5 Image-Text Matching

ITM predicts the matching logits between images and texts,
via a linear prediction head. Specifically, the self-attention
mask is similar as in ITG, and by using Eq. (2), we obtain
fused feature I ′n. Afterwards, we apply I ′n to a two-class lin-
ear classifier, and compute the cross-entropy loss between
the predicted label and true label, yielding LITM.

3.3. Momentum Distillation

Momentum Distillation (MoD, [24]) is used for efficient
training across various pretext tasks. Specifically, we imple-
ment MoD as a form of online self-distillation [31], which
allows unpaired images and texts to have pseudo-labels gen-
erated by the model itself (Fig. 2 (c)).

Similar to the Eq. (4), we have li2tM(IM,n), l
t2i
M(TM,n)

for the momentum model, where IM,n ∈ {I(1)M,n, I
(2)
M,n}
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for simplicity. The modified ITGC loss (L′
ITGC) is:

L′
ITGC =(1− α)LITGC + αLMoD

ITGC,

LMoD
ITGC =

1

2N

N∑
n=1

[
KL(li2tM(IM,n) ∥ li2t(In))

+ KL(lt2iM(TM,n) ∥ lt2i(Tn))
]
,

(15)

where α is a coefficient for MoD. For IMVC, we calculate
the li1,i2M (I

(1)
M,n), l

i2,i1
M (I

(2)
M,n) similarly as in Eq. (13). Then

we have the modified IMVC loss (L′
IMVC) as:

L′
IMVC =(1− α)LIMVC + αLMoD

IMVC,

LMoD
IMVC =

1

2N

N∑
n=1

[
KL(li1,i2M (I

(1)
M,n) ∥ li1,i2(I(1)n ))

+ KL
(
li2,i1M (I

(2)
M,n) ∥ li2,i1(I(2)n )

)]
.

(16)

For ITG, given T ′
n, we let p(T ′

n) denotes the model’s pre-
dicted logits for feature T ′

n, and pM(T ′
M,n) denotes the

momentum model’s. Then we have:

L′
ITG =(1− α)LITG + αLMoD

ITG ,

LMoD
ITG =

1

2N

N∑
n=1

KL
(
p(T ′

n) ∥ pM(T ′
M,n)

)
.

(17)

Ultimately, we have the overall loss:

L =λ1L′
ITGC + λ2LITLC + λ3L′

IMVC

+ λ4L′
ITG + λ5LITM,

(18)

where λ1 to λ5 are coefficients for loss functions.
We do not apply MoD to ITLC, as the tokens of local-

ized features and the corresponding context-ware features
already have exact correspondence, which makes it more
appropriate to use one-hot labels. Additionally, ITM is a
pretext task that predicts binary results (i.e., matched or not
matched) per image-text pair, which does not consider the
similarity of every image and text in one batch. Therefore,
MoD is not applied to ITLC or ITM during training.

3.4. MVCM for Downstream Tasks

We apply MVCM to various downstream tasks like Visual
Question Answering and Image-Text Retrieval.

3.4.1 Medical Visual Question Answering

Med-VQA requires a model to predict the answer given an
image and a question. Common methods consider VQA
a multi-answer classification task [6]. Instead, we con-
sider VQA as an answer generation problem, using an
auto-regressive decoder [10, 31], shown as the decoder in
Fig. 1(b). For training, the decoder is trained with condi-
tional language-modeling loss. To fairly compare with other
methods, the decoder will generate answers closest to one
of the candidate answers for evaluation.

3.4.2 Medical Image-Text Retrieval

For Med-ITR, we compute similarity matrices between im-
ages and texts to facilitate both Image-to-Text (I2T) and
Text-to-Image (T2I) retrieval. In the I2T scenario, each im-
age is treated as a query, and the texts are considered as the
candidates. Conversely, for T2I, each text serves as a query,
with images as the candidates. The specific logits between
the image and text are obtained by adding up the predicted
score of Image-Text Matching and the similarity of Image-
Text Global Contrastive Learning.

4. Experiment
4.1. Datasets

For pre-training MVCM, we use three datasets: MIMIC-
CXR [28] is the largest publicly available radiology dataset
that consists of 377110 X-ray images and 227827 reports;
ROCO [43] is a radiology dataset that has over 81,000 ra-
diology images; and MedICaT [47] contains over 217,000
image-caption pairs.

For Med-VQA, we use: VQA-RAD [30] has 315 radiol-
ogy images with 3064 question-answer pairs; SLAKE [37]
has 14,028 pairs of samples; and PathVQA[23] contains
32,799 image-text pairs. All these datasets contain Open
(form-free answers) and Closed (yes/no answers) types of
questions.

For Med-ITR, we utilize CheXpert 5×200 [26] and
ROCO [43] datasets. Since CheXpert 5×200 has not pub-
licly released its reports, we follow the pre-processing
method of PRIOR [9] and GLoRIA [25], randomly select-
ing 1000 reports from MIMIC-CXR with 200 samples for
each of 5 corresponding diseases. For the ROCO dataset,
we use the same test split following [7].

4.2. Multi-View Data Generation

We pre-process the pre-training datasets, to fully utilize
study-level data and learn from the multi-view images.
MIMIC-CXR [28] stores images and reports at study-level,
each study of which has a Study-ID that corresponds to
one report and several images of different views. Un-
like instance-level, we reorganize the dataset by the unique
Study-ID for each sample. For multi-view generation for
all datasets, two distinct strategies were employed based on
the number of views per sample. For samples with only one
view, we apply strong random augmentations used in Sim-
CLR [5] and MoCo [21]. For samples with multiple image
views, we employed a bootstrapping approach to randomly
select two views, which were then subjected to the same
random augmentation process. The random selection from
one study allows an equal chance for each view. The pro-
cessed MIMIC-CXR dataset comprises 216,306 samples,
with an average of 1.667 different views per sample. Be-
sides, since ROCO [43] and MedICaT [47] are not origi-
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Method VQA-RAD SLAKE PathVQA
Open Closed Overall Open Closed Overall Open Closed Overall

MMQ [13] 53.70 75.80 67.00 - - - 13.40 84.0 48.80
ARL [8] 65.10 85.96 77.50 79.70 89.30 84.00 - - -

M3AE [7] 67.23 83.46 77.01 80.31 87.82 83.25 - - -
CPCR [38] 60.50 80.40 72.50 80.50 84.10 81.90 - - -

PubMedCLIP [16] 60.10 80.00 72.10 78.40 82.50 80.10 - - -
MUMC [35] 71.50 84.20 79.20 - - 84.90 39.00 90.40 65.10
M2I2 [36] 61.80 81.60 73.70 74.70 91.10 81.20 36.30 88.00 62.20

PeFoMed [20] 62.60 87.10 77.40 77.80 88.70 82.10 35.70 91.30 63.60
LaPA [18] 68.72 86.40 79.38 82.17 88.70 84.73 - - -

MVCM (Ours) 68.50 90.84 80.93 83.71 91.83 86.89 39.83 90.49 65.26

Table 1. Comparison with existing methods on various VQA datasets for accuracy. Open represents the form-free question set while Closed
represents the question set with yes/no as the answer. The best and second-best results are bolded and underlined, respectively.

Method Image to Text Text to Image Class-Based Retrieval
Prec@1 Prec@5 Prec@10 Prec@1 Prec@5 Prec@10 Accuracy F1-Score Precision Recall

GloRIA [25] 34.40 31.18 28.90 34.10 35.08 34.10 21.70 22.32 31.20 31.10
ConVIRT [53] 28.20 30.30 26.50 33.80 32.00 32.10 23.74 21.50 25.00 24.20

PRIOR [9] 36.00 34.40 33.82 36.50 35.06 34.60 35.90 34.15 39.27 35.90
LIMITR [11] - 37.20* 35.90* - - - - - - -
MGCA [48] - 29.30* 27.60* - - - - - - -

MVCM (Ours) 36.52 36.53 36.30 42.70 38.46 37.54 44.40 41.92 48.42 44.40

Table 2. Comparison with existing methods on CheXpert 5×200 dataset for Med-ITR. Precision (%) at the top 1, 5, and 10 candidates are
reported. Class-Based Retrieval (i.e., disease labels as texts) is also evaluated using F1-score, Precision, and Recall. * denotes the reported
results are from other papers due to unavailability to evaluate ourselves.

Method Image to Text Text to Image
R@1 R@5 R@10 R@1 R@5 R@10

ViLT [29] 11.90 31.90 43.20 9.75 28.95 41.40
METER [15] 14.45 33.30 45.10 11.30 27.25 39.60

M3AE [7] 19.10 45.60 61.20 19.05 47.75 61.35
ARL [8] 23.45 50.60 62.05 23.50 49.05 63.00

MVCM (Ours) 24.20 55.40 71.85 22.95 54.92 73.30

Table 3. Comparison with existing methods for Med-ITR on
ROCO dataset. Recall (%) is reported.

nally organized at study-level, we apply the method for sin-
gle view case to them. We finally have a total of 498,783
samples with multi-view images for pre-training.

4.3. Implementation Details

We apply ViT/B-16 [14] for visual encoder and bert-base-
uncased [12] for textual encoder. All images are resized to
288×288 for the pre-training and retrieval task, while set to
384×384 for fine-tuning the VQA task. We set the num-
ber of learnable query tokens p = 32. The temperature
parameters τ1, τ2, τ3, τ4 are all set to 0.07. For the lower
dimensional embedding, we set d′ = 256, d′′ = 128. For
the Memory Bank, we set M = 65536, and we update it as
a queue, removing the oldest batch and appending the cur-
rent batch. For Momentum Distillation, we set α to 0.04 in
the first epoch. As for the loss function coefficients, due to

the various compositions and high computing cost for pre-
training, we set λ1 = λ4 = λ5 = λ2 = λ3 = 1.

Our MVCM is pre-trained with batch size of 64 for 40
epochs and then fine-tuned on VQA tasks with a batch size
of 64 for 60 epochs. The learning rate for pre-training is
set to 1e-4 with a minimum of 2e-6, while for fine-tuning
it is set to 5e-5 with the same minimum. Besides, we use
the Adam optimizer with a weight decay of 0.02. For com-
puting resources, we train our model on 4 NVIDIA A100
GPUs, the total time for pre-training is about 5 days, while
the fine-tuning time is around 10 hours depending on the
specific Med-VQA datasets. For the Med-ITR task, our in-
ference time is around 2.3s for one query on the CheXpert
5×200 dataset using a single GPU.

4.4. Comparison with State-of-the-Art

For Med-VQA (Tab. 1), our model outperforms other meth-
ods in both the Close subset and Overall on VQA-RAD
dataset. For SLAKE dataset, MVCM achieves the best
scores in all types, surpassing the second-best method by
1.99% for overall accuracy. For PathVQA, our model also
achieves the highest score on both Open and the overall.
These results underscore our MVCM’s superior ability of
cross-modality understanding for VQA.

For Med-ITR, our MVCM outperforms all existing
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# ITM ITG ITGC IMVC ITLC CheXpert 5×200 RAD-VQA
Prec@1 (I2T) Prec@1 (T2I) Acc Open Closed Overall

1 - - - - - - - - 59.32 72.58 67.32
2 ✓ - ✓ - - 25.60 32.45 35.24 63.81 79.09 73.03
3 ✓ ✓ ✓ - - 26.36 33.74 36.55 64.93 79.51 73.72
4 ✓ M M - - 31.71 36.74 38.92 65.81 83.09 76.23
5 ✓ M M M - 33.27 37.33 41.52 67.33 86.71 79.02
6 ✓ M M M M 33.53 37.21 37.21 66.82 83.94 77.15
7 ✓ M M M ✓ 36.52 42.70 44.40 68.50 90.84 80.93

Table 4. Impact of different components on the CheXpert 5×200 and RAD-VQA datasets. We evaluate various
combinations of Image-Text Global Contrastive Learning (ITGC), Image-Grounded Text Generation (ITG), Im-
age Multi-View Contrastive Learning (IMVC), Image-Text Local Contrastive Learning (ITLC). Checkmark (✓)
indicates using the component without Momentum Distillation (MoD), while M indicates using it with MoD.

Random Visual Representations Textual Representations

Using 5 labels:

Using First 3 labels:

Figure 3. UMAP visualization of MVCM’s
representations on the CheXpert 5×200 dataset.

Q: What kind of symptoms will the disease on 
the upper right lung bring to the patient?
From Scratch: Chest pain, cough, expectoration
MVCM (ours): Chest tightness, fatigue

Q: What does this image show?
From Scratch: fixed tissue tumor 
masses with necrosis easily seen
MVCM (ours): perineural invasion 
typical prostate carcinoma

Q: Are there calcifications present 
on the abdominal aorta?
From Scratch: No
MVCM (ours): Yes

VQA-RAD SLAKE PathVQA

FINDINGS: There 
has been interval 
removal of the left 
chest tube. There 
may be a miniscule 
pneumothorax. ...

Image to Text Retrieval

Text to Image Retrieval

MVCM (Ours)

MVCM (Ours)

MGCA

MGCA

GLoRIA

GLoRIA

ConVIRT

ConVIRT

FINDINGS: PA and 
lateral views of the 
chest provided. 
Lung volumes are 
low. Mild basilar 
atelectasis is ...

IMPRESSION: In 
comparison with 
the study of ___, 
diffuse bilateral 
pulmonary 
opacifications ...

FINDINGS: Lung 
volumes are 
appreciably lower 
than in ___ when 
large air-filled 
stomach traversed 

FINDINGS: 
Compared with 
the prior study, 
there has been an 
interval increase in 
the right pleural ...

Figure 4. Comparison cases for Med-VQA (top) and Med-ITR
(bottom, on the CheXpert 5×200 dataset). Green ones denote cor-
rect answers or retrievals, while red ones denotes failed cases. We
compare with MGCA [48], GLoRIA [25], and ConVIRT [53].

methods on the CheXpert 5×200 dataset (Tab. 2). Addition-
ally, MVCM achieves the generally best results on ROCO
dataset (as shown in Tab. 3), with only one metric at the sec-
ond best. In the recall of T2I with 10 candidates, our model
greatly surpasses the second-best method by 10.30%. The
performance of MVCM on the Med-ITR tasks demonstrates
its superior capability in aligning cross-modal information.

4.5. Ablation Study

In Tab. 4, we evaluate the impacts of various components of
MVCM to prove the effectiveness of our method using two
representative datasets (CheXpert 5×200 and RAD-VQA).
Our baseline is the model trained from scratch (#1). To vali-
date the significance of multiple cross-modality alignments,
we first compare the baseline with #2, showing that ITGC
and ITM significantly enhance the results. Then we ob-
serve that the incorporation of ITG (#3) results in further
improvements. Besides, we find applying MoD to the pre-
text tasks facilitates the model’s ability by comparing #4
with #3. Notably, using multi-view alignment (IMVC, #5)

greatly improves the model’s performance compared with
#4, boosting the overall accuracy to 41.52% and 79.02%
separately. We also notice that applying MoD to ITLC
(#6) results in a decline across all metrics while applying
ITLC without MoD (#7) boosts the model’s performance,
which is consistent with our previous analysis at the end of
Sec. 3.3.

4.6. Qualitative Results

We provide some representative cases for Med-VQA tasks
in the top part of Fig. 4. For Closed questions (e.g., the left
one), our model can identify the target (i.e., calcifications)
and then predict the right answer. For Open questions (e.g.,
the middle and the right ones), our model can recognize and
depict the characteristics of the disease in certain regions
(e.g., upper right), and then accurately answer them.

The visualization of image and text representations for
Med-ITR (Fig. 3) shows that our model’s representations
cluster according to distinct classes, especially when we use
the first three classes that have significant differences (i.e.,
Atelectasis, Cardiomegaly, and Consolidation). For the bot-
tom part of Fig. 4, both results of I2T and T2I retrievals in-
dicate that our model can correctly retrieve the related rep-
resentations of the same classes based on the query.

5. Conclusion
In this paper, we fully utilize the multi-view images in the
medical datasets. We consider each study with multi-view
images and the corresponding reports as one sample,
and a multi-view alignment is proposed to align these
multi-view representations within one study. Besides, to
advance a comprehensive cross-modality understanding,
our method employs various refined pretext tasks focusing
on both global and local alignments between image-
text representations. Additional tasks (e.g., Image-Text
Matching and Image-grounded Text Generation) and
momentum distillation are used to further augment this
understanding. Our method is applied to various down-
stream tasks like Visual Question Answering and Image
Text Retrieval. Extensive experiments on these down-
stream tasks demonstrate the effectiveness of our method.
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