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Abstract

Medical Visual Question Answering (VQA) is a key
medical AI challenge, but scarce data limits progress.
Current methods prioritize more pre-training data,
overlooking medical data’s inherent constraints (ethics,
privacy, specialization) which cause slower accumula-
tion than public web data. Sole reliance on more data
risks rapid performance plateaus. To address these chal-
lenges, this paper proposes the Cross-Modality Discrim-
inative Pattern Identification model (CMDPI), which
fundamentally rethinks training methodologies to has
a data-efficient framework for medical VQA. During
pre-training, CMDPI identifies inherent biases in con-
ventional techniques under data scarcity conditions and
introduces a co-regularization approach that integrates
multiple pretraining techniques for regularization to en-
hance model generalizability. For fine-tuning, a differ-
ence reconstruction mechanism is proposed that effec-
tively preserves unique discriminative features and a
head mixup is introduced to further remedy the issue
of overfitting. Experimental results demonstrate that
CMDPI achieves performance comparable to or sur-
passing existing methods while requiring substantially
fewer pre-training data. Our work shows the viability
of optimizing training paradigms rather than pursuing
indiscriminate data scaling for advancing medical VQA
systems.

Keywords: Medical Visual Question Answering, Data-
Efficient Learning, Contrastive Learning, Reconstruc-
tion.

1. Introduction

Medical Visual Question Answering (VQA) stands sig-
nificantly in Al-assisted medical diagnosis, while its devel-
opment is limited by the lack of high quality data. Exist-
ing methods [39, 14] follow the common research line in
general domains, which involves pre-training to remedy the
lack of data by making use of large-scale data. However,
the medical domain differs fundamentally from general-
purpose domains in data acquisition. Medical data accu-
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Figure 1: Comparisons of Model Performance on VQA-
RAD dataset and Pre-Training Data Size.

mulation is constrained by ethical considerations, privacy
regulations, and the need for domain-specific expertise, re-
sulting in a significantly slower growth compared to general
data. Consequently, merely scaling pre-training data will
inevitably create bottlenecks for advancing medical VQA
models in conventional training paradigms.

This problem reveals the critical need for a systematic
investigation of medical VQA models to advance data-
efficient learning. Existing models follow two distinct
technical approaches: classification-based [35, 17, 16] and
generation-based [32, 27, 46]. Classification-based mod-
els transform the VQA task into a classification problem
by treating each answer as a class label. These methods
have flexible structures and thus can be compatible with
various techniques. However, their data utilization is lim-
ited by the substantial discrepancy between pre-training and
fine-tuning tasks. These models often require to adopt a
completely new module with randomly initialized param-
eters for this transformation, preventing the module from
benefiting from the pre-training process. Generation-based
models, most of which are built upon large language models
(LLMs) [23, 52]. These models can fully leverage param-
eters learned during pre-training and minimal new param-
eters are introduced during fine-tuning. Nevertheless, their
performance on target tasks is highly dependent on dataset
size [49], making it challenging to achieve satisfactory re-
sults with limited data.



The low data utilization efficiency and high dependence
of existing models on extensive pre-training data necessi-
tate a fundamental rethinking of training paradigms. Med-
ical images often exhibit high visual similarities, making
the accurate identification of distinctive patterns unique
to individual cases crucial for precise question answering.
Inspired by this observation, our paper proposes a data-
efficient model for medical VQA: the Cross-Modality Dis-
criminative Pattern Identification Model (CMDPI). Its
core principle is to enable the identification of discrimi-
native patterns within medical images using limited data.
It accomplishes this through two stages—pre-training and
fine-tuning—which establish cross-modal alignment and
capture discriminative patterns with high data efficiency.

To achieve this objective, CMDPI necessitates a highly
data-efficient framework. We therefore redesign existing
medical VQA frameworks to integrate the strengths of
classification-based and generation-based approaches. This
redesigned framework maintains compatibility with exist-
ing pre-training techniques, ensuring its hyperparameters
transfer seamlessly to fine-tuning. Specifically, modality-
specific encoders produce both global and local representa-
tions, supporting diverse pre-training objectives. Crucially,
answer prediction is unified with the reconstruction process,
allowing full leverage of pre-trained parameters without in-
troducing new modules during fine-tuning. This integrated
design effectively addresses core limitations of prior models
and significantly enhances data utilization efficiency.

For pre-training, currently widely-used techniques such
as reconstruction and contrastive learning are predomi-
nantly developed for general domains. The effectiveness of
these techniques is highly dependent on abundant training
data. The reconstruction process enables models to learn
data dependencies; however, limited data leads to sparse to-
ken distributions, and the dependencies learned by the mod-
els become highly random and cannot reflect the true de-
pendencies among data. Similarly, contrastive learning en-
ables models to measure data similarities, yet achieving ro-
bust similarity measurements depends on sufficient data to
capture representative patterns. When data is limited, these
measurements lose generalizability, resulting in inaccurate
assessments of data similarities.

To address these problems, our paper leverages the
framework’s compatibility with diverse pre-training tech-
niques by integrating co-regularization. This approach
employs multiple pre-training methods to mutually regu-
larize one another, reducing bias induced by limited pre-
training data. For reconstruction, we adopt both global re-
construction and local reconstruction. The global recon-
struction employs a global representation to guide the re-
construction process, while the local reconstruction, which
reconstructs data based on dependencies among local fea-
tures without global features. The dependencies learned

at different granularities can mutually constrain each other
and yield more accurate representations. For contrastive
learning, both intra- and inter-modality contrastive learn-
ing are employed, which leverages similarities within indi-
vidual modalities to constrain cross-modal representations.
Furthermore, our analysis reveals that data type suitability
varies across pre-training methods. Consequently, we de-
velop and incorporate a comprehensive CMDPI pre-training
approach that adaptively pairs techniques with compatible
data to enhance efficiency.

During fine-tuning, models need to perform accurate dis-
criminative pattern identification to answer questions cor-
rectly. While models in general domains can accomplish
this by leveraging vast amounts of data, such high-quality
data is not available on a large scale in the medical domain.
To enable models with such capabilities under limited data
constraints, a difference reconstruction mechanism is pro-
posed. This mechanism requires the model to reconstruct
images from similar ones, thereby prompting the model to
learn the differences among similar images. By comparing
images with similar counterparts, this process effectively
guides the model to identify discriminative features under
data-limited conditions. To further enhance data efficiency,
we extend the idea of Mixup [50] into our framework and
adopt a head mixup method to augment data and regularize
the model during fine-tuning.

Equipped with the techniques we designed across both
pre-training and fine-tuning stages, as shown in Figure 1,
CMDPI demonstrates superior performance compared to
existing models while requiring substantially less pre-
training data. The primary contributions of this work are
as follows:

* Our paper conducts a comprehensive analysis of exist-
ing methodologies in medical VQA and identify the
fundamental limitations inherent in approaches that
rely on progressively larger pre-training datasets. To
address these challenges and optimize data utilization,
a unified framework designed to enhance data effi-
ciency is developed. This framework maximizes the
utilization of pre-trained parameters while eliminat-
ing the need for randomly initialized parameters dur-
ing fine-tuning. Furthermore, its modular architec-
ture maintains compatibility with diverse pre-training
and fine-tuning techniques, thereby enabling addi-
tional performance enhancements.

* Based on this framework, our paper proposes the
Cross-Modality Discriminative Pattern Identifica-
tion Model (CMDPI). We identify fundamental lim-
itations in conventional pre-training methods when
applied to data-constrained domains and introduce a
unified co-regularization approach to address these
challenges. Specifically, global and local reconstruc-



tion mechanisms are employed to capture more accu-
rate feature dependencies, while leveraging intra- and
inter-modality contrastive learning to derive more gen-
eralizable representations for enhanced similarity mea-
surement.

* For fine-tuning, we propose a difference reconstruc-
tion mechanism that enables discriminative feature ex-
traction from visually similar medical images under
data-limited conditions. Additionally, we introduce a
head mixup method to augment data and regularize
the model. Comprehensive experiments demonstrate
that CMDPI achieves competitive or superior perfor-
mance to existing models while requiring significantly
reduced pre-training data.

This paper is organized as follows: Section 2 reviews
related work on medical VQA. Section 3 introduces the
overall framework of CMDPI and the key techniques em-
ployed in both pre-training and fine-tuning stages. Section
4 presents experimental results and analysis, while Section
5 concludes this paper.

2. Related Work

Early medical VQA models [, 36] were typically pre-
trained on large-scale general datasets such as ImageNet [8]
or COCO [28] and then fine-tuned on medical datasets. This
transfer learning approach leverages abundant natural im-
age knowledge to alleviate the scarcity of annotated medi-
cal data [42]. However, there exist significant domain gaps
between natural and medical images in imaging principles,
grayscale resolution, tissue complexity, and subtle patho-
logical changes [20, 2, 3]. As a result, directly transferring
features from natural images often fails to capture critical
medical details, leading to limited performance in medical
VQA tasks.

Subsequently, researchers shifted their focus from
general-domain data to medical-specific pre-training.
MEVF [40] trained an unsupervised convolutional denois-
ing auto-encoder [37] on over 10,000 medical images, com-
bined with model-agnostic meta-learning [10] to initialize
the feature extractor. Due to the persistent data limita-
tion in medical VQA, pre-training frameworks began in-
corporating diverse medical datasets such as report gener-
ation [18, 19, 41] and single-modal image datasets [4, 43].
The scale of pre-training data has steadily increased across
studies: CMSA [11] used over 10k images, CPRD [29]
scaled to approximately 23k unlabeled radiological images,
M212 [25] utilized 80k samples from ImageCLEF2022, fol-
lowed by PubMedClip [9], WSRP [14], and VB-MVQA [6]
with over 80k image-caption pairs, and MUMC [24] with
nearly 400k captions.

In recent years, the emergence of large language models
(LLMs) has driven the field toward generative approaches.

LLaVA-Med [23] curated 600k biomedical figure-caption
pairs, PeFoMed [32] employed over 750k samples, and
BiomedCLIP [52] was pre-trained on 15 million image-text
pairs. While these generative-based models achieve better
parameter reuse and open-ended answer generation com-
pared to traditional classification-based models, they are
highly dependent on massive paired datasets and tend to
suffer from hallucinations or poor generalization when data
is limited.

Although medical-specific pre-training generally pro-
vides better domain alignment than general image-text pre-
training (e.g., CLIP adaptations), it scales poorly due to
the slow accumulation of high-quality medical data caused
by privacy, ethical, and expertise constraints. In contrast,
general-domain pre-training offers abundant data but suf-
fers from domain gaps.

To address data scarcity more directly, meta-learning and
few-shot learning techniques have been explored, such as
MAML adaptations [10] and few-shot learner [38]. These
methods aim to enable fast adaptation with very few ex-
amples. However, they often require diverse meta-datasets
or high-quality prompts, which are difficult to obtain in
privacy-sensitive medical settings, and may not sufficiently
capture fine-grained discriminative patterns across modal-
ities. CMDPI complements these approaches by funda-
mentally optimizing the training paradigm itself to achieve
strong performance under limited data without relying
heavily on scaling or post-hoc adaptation.

In summary, although existing methods have progres-
sively increased pre-training data scale to push performance
boundaries, they face inherent limitations due to the slow
accumulation of medical data. Improving data utilization
efficiency under limited-data constraints remains a critical
challenge, which this work addresses through paradigm re-
design rather than indiscriminate data scaling.

3. Model

This section provides a detailed introduction to the core
concepts and key technologies of CMDPI. Firstly, a sys-
tematic elaboration of the overall framework of CMDPI is
provided. Subsequently, we make full use of the advantage
of the framework’s compatibility with various pre-training
techniques by using multiple pre-training techniques to-
gether: global and local reconstruction, as well as intra- and
inter-modality contrastive learning. This method facilitates
the model of using the idea of co-regularization to enhance
its generalizability under limited data conditions. Finally,
we discuss a critical fine-tuning technique—differential re-
construction—which facilitates the model’s ability to iden-
tify discriminative patterns in medical VQA.

The overall framework of CMDPI is designed to ef-
fectively integrate multimodal information through co-
regularization, thereby achieving more generalized feature
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Figure 2: General Structure of the Cross-Modality Discriminative Pattern Identification Model (CMDPI) for Medical VQA.

representations. By introducing co-regularization at differ-
ent stages, CMDPI can exploit the complementary infor-
mation among modalities and enhance the performance of
downstream tasks.

3.1. Framework

To switch from pre-training tasks to downstream VQA
task, existing classification-based models have flexible
structures which can be compatible with various pre-
training techniques, but they have a newly-added module
which cannot benefit from the pre-training process. In con-
trast, generation-based methods can fully make use of pa-
rameters from pre-training by providing a unified frame-
work to process data in both pre-training and fine-tuning
stages, but its performance in downstream tasks highly rely
on data scale [49].

Considering the low data efficiency of existing meth-
ods, our work introduces a Cross-Modality Discriminative
Pattern Identification model (CMDPI). As shown in Fig-
ure 2, we redesign the model framework so it can incorpo-
rate the advantages from both classification-based methods
and generation-based methods, which means it is compati-
ble with existing pre-training techniques and also can fully
make use of parameters learned from pre-training process.
To achieve this, it requires: 1) flexible enough structures
to encode global and local features from different modali-
ties to support various pre-training techniques; 2) a unified
process that can include both pre-training and fine-tuning
stages. Thus, there are three modules in CMDPI: text en-
coder, image encoder, and reconstruction network. The first
two modules are used to extract features from image and
text data, while the reconstruction network is used to inte-
grate these features and reconstruct the original data. The
encoders extract both global and local features for input data

so the model is compatible with various pre-training tech-
niques. And the reconstruction network unifies question an-
swering as a part of the reconstruction task, so the model
can fully make use of the parameters obtained from the
pre-training stage. All these three modules are constructed
based on Transformer.

More specifically, given an image and text in-
put, our method first transform them into features:
Input; = |head;, I1,1s,...,Iy], and Input; =
[headr, T4, T, ..., Tar]- Then, the models encode and fuse
image and text features as follows:

h;, H; = ImageEncoder(Input I),
hy, Hy = TextEncoder (InputT), @))
hyr = GlobalFusion (hI, hT)7

where image encoder and text encoder is both based on the
Transformer structure [47] in this work, H; € R¥*4 and
Hr € RM*4 are the local features of Input; and Input;
h; and hp, the corresponding results of head; and headr,
are global representations, respectively. These two features
are then fed into the global fusion module (which is a feed-
forward network) to obtain the fused representation hp.
And hp is then combined with local features and passed to
the reconstruction network to jointly regenerate the original
image and text data.

There are two training stages for CMDPI: pre-training
and finetuning. The pre-training stage requires the model
to learn the joint dependencies between image and text data
through pre-training and also obtain aligned representations
across different modalities. This process is essential for the
model to effectively capture the complex relationships be-
tween medical images and their corresponding textual de-
scriptions. For the finetuning, the model needs to effectively



identify discriminative patterns in medical images to answer
questions accurately. In the following, we will introduce the
key techniques used in these two stages.

3.2. Co-Regularized Pre-training

Existing pre-training techniques are originally designed
for general domains with abundant data, and their effective-
ness is highly dependent on large-scale training datasets.
When applied to data-constrained domains, such as medical
VQA, these methods exhibit significant limitations. To ad-
dress these challenges, we fully make use of the advantage
of the framework’s compatibility with various pre-training
techniques by using the idea of co-regularization. More
specifically, our model integrates global-local reconstruc-
tion with intra- and inter-modality contrastive learning, so
different methods can regularize each other and enhance
model generalizability.

3.2.1 Global and Local Reconstruction

Incorporating reconstruction mechanisms during pre-
training enhances downstream task performance by en-
abling models to capture intricate data dependencies. How-
ever, under conditions of sparse token distributions, these
learned dependencies may exhibit reduced accuracy and re-
liability. To address this limitation, both global and local
reconstruction approaches are incorporated, allowing the
dependencies learned at different granularities to mutually
regularize and refine each other. These complementary re-
construction methodologies are illustrated in the top right
area of Figure 2 and are detailed as follows:

7, H} = ImageEncoder (Mask(Inputy, p)),
', H = TextEncoder (Mask(Input, p)),
HY = RecNet (hp, H, HY),
H! = RecNet(h, H}, H),

2

where p is the mask ratio, HY represents the hidden rep-
resentations from global reconstruction that obtain recon-
structed results based on the fused global vector hy (which
is derived from the input in Equation 1 without masking),
while H! is calculated through local reconstruction based
on a shared trainable vector h. The key distinction be-
tween these two reconstruction methods lies in their uti-
lization of global information. Global reconstruction lever-
ages the global information within h r to guide the model in
capturing dependencies between global and local features,
whereas local reconstruction deliberately masks global in-
formation by employing a shared vector h, thereby enabling
the model to focus exclusively on capturing local feature de-
pendencies.

Based on Transformer [47], the reconstructing process is

calculated as follows:

Vo = [ha H[a HT] =+ pos,
v, = LN(MHA(Vl) + Vl)7 3)
vie1 = LN(FEN(¥;) + %),

where pos is the positional embedding, MHA(:) de-
notes the multi-head attention mechanism (implemented
as self-attention in our model), FEN(-) denotes the feed-
forward network, where the activation function employed
is GELU [15], and LN(-) is layer normalization [5]. Upon
obtaining H, = v, from the final layer, specialized image,
text, and answer reconstruction layers are employed to re-
construct the respective data based on their corresponding
feature representations. This process is formulated as fol-
lows:

Output; = FFN;(H,[;,1: N]),
Outputy = FENp(H,[;, N +1: N+ M]), (4)
Ans’ = FFN 4 (H,[:, —1]),

where Output;, Output,, and Ans’ represent the re-
constructed image, text, and answer, respectively. The
model is trained to minimize the differences between the
reconstructed outputs and the original inputs using Mean
Squared Error (MSE) loss for image reconstruction and
cross-entropy loss for text and answer reconstruction. The
overall reconstruction loss is defined as follows:

Limg = MSE(Output;, Input;),
L;,+ = CrossEntropy(Output,, Input),

5
L,ns = CrossEntropy(Ans’, Ans), ©)

L,cc :Limg + Lo + Lansa

where Ans denotes the target answer. By integrating both
global and local reconstruction mechanisms, the model can
effectively capture dependencies at multiple granularities,
thereby enhancing its ability to learn robust and generaliz-
able feature representations even under conditions of lim-
ited data. It should be noted that the QA data used in pre-
training is generated automatically. Currently, high quality
medical VQA data are still limited and we only used it in
the finetuning stage.

3.2.2 Intra- and Inter-Modality Contrastive Learning

Contrastive learning, which enables model to measure data
similarities, can help further regularize the hidden represen-
tations from the image and text encoders. However, the sim-
ilarity measurements learned in limited data are not general-
izable enough to support downstream tasks. We thus adopt
both Intra-modality and Inter-modality contrastive learn-
ing, so the similarity within same modalities can regularize



the representations across different modalities. The intra-
modality is implemented based on the momentum con-
trastive learning [13], which maintains a momentum en-
coder for each modality to provide more consistent repre-
sentations as learning targets.
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Figure 3: Analysis of VQA Data in Contrastive Learning.

CMDPI is thus able to leverage the complementary in-
formation present in both modalities, leading to more ro-
bust and generalizable feature representations. This process
is shown in the bottom right of Figure 2. Given the global
representations from the momentum image encoder h; and
momentum text encoder ﬁT, the contrastive learning used
in our work is:

Cinter = Contra(hl, hT) + Contra(hT, h]),
Cintra = Contra(hy, fl[) + Contra(hr, flT), (6)

’
Ciotal = @ Cinter + ' - Cingra,

where « and o’ are two scaling factors to adjust the impor-
tance of C;pter and C;prq, Which are set to be 0.5 and 1,
respectively. This kind of design allows the model to jointly
learn data similarities of both same and different modalities
in a same representation space. As a result, CMDPI be-
comes better equipped to capture complex multimodal re-
lationships, ultimately enhancing its ability to perform the
downstream task with improved accuracy and reliability.
The contrastive learning used is as follows:

N
exp(sim(at, b’
Contra a b Z il (a,6%)/7) ,
SN Ceap(sim(al, b))
@)
where N denotes the number of image-text pairs, and
. iT i
sim(a®, b*) = W represents the precomputed similar-
ity. a and b are general representations referring to hy, hr,
h;, hy in Equation 6.

3.2.3 Compatibility of VQA Data in Contrastive
Learning

There are two kinds image-text medical data: medical im-
age captions and medical VQA data. One straight-forward

AN

ey

t t

= [ Rec. Network I
Feature Deviation
: ==
R —
Interpolation |} Global
| Interpolation | [ Liaen
I 1 1 I T
= [ ] =0

I Image Encoder I [ Text Encoder l

1 4
@} AN

7 "/

Sample Image  Current Image Question

Figure 4: The Process of Difference Reconstruction.

way is to incorporate these two kinds of data in both re-
construction and contrastive learning during the pre-training
stage. However, it is observed that there is a performance
decrease after incorporating the VQA data into contrastive
learning. The main reason is from the incomplete informa-
tion of VQA data.

In contrastive learning, the model will increase its simi-
larity to positive data, while decrease the similarity to nega-
tive data. Different with image captions providing complete
description of an image, each VQA sample only contains
one aspect of an image. Although each image may have
multiple VQA samples, they do not have a guarantee to de-
scribe an image completely. It is thus easy for VQA data
to have false negative samples during contrastive learning.
An example is given in Figure 3. Given two images without
abnormalities, the first image contains a VQA sample de-
scribes it, while the second image does not have such data.
For the question describing the image normality, the second
image will be a false negative samples, and its similarity to
the given data will be decreased in the contrastive process.
Such noises led by the fake negative samples will lead to
misalignment between image and text data and finally in-
fluence model performance in downstream tasks.

Therefore, for the pre-training of CMDPI, our paper
adopts both reconstruction and contrastive learning for cap-
tion data, and only use reconstruction for VQA data.

3.3. Fine-tuning

After pre-training, fine-tuning is necessary to fit the
model into downstream medical VQA tasks. Our frame-
work has a specific head to predict answer during pre-
training, and it can be used directly in the fine-tuning stage.

Medical images frequently exhibit high visual similari-
ties, while the key to accurate question answering lies in



capturing distinctive features unique to individual cases.
Given the extreme challenges of learning such cross-modal
patterns under limited data conditions, our paper adopts a
difference reconstruction mechanism to capture discrimi-
native differences among similar images. The core princi-
ple involves prompting the model to reconstruct target im-
ages from similar reference images, thereby enabling it to
learn the distinguishing characteristics between the current
image and similar counterparts. These differences consis-
tently represent the most discriminative and diagnostically
important features. More specifically, given an input image,
it is first encoded into a global feature representation h; and
local feature representations H; using Equation 1. Subse-
quently, we sample another similar image and extract its
local features H, followed by the application of a feature
deviation operation. Given the current image Input; and
another similar image Inf)ut 1 this process is demonstrated
in Figure 4 and calculated as follows:

h;, H; = ImageEncoder(Input I),
h;, H; = ImageEncoder(Inf)utl),
ﬁlze-H1+(1—e)-ﬁI,

H? = RecNet (hp, H;, Hr),

®)

where Hy is the local text representations and hp is the
fused global representation from Equation 1. € is randomly
sampled from [0, 1] and H; is the deviated local features ob-
tained by combining local features from two similar images.
Then, the reconstruction network will follow Equation 4 to
finish the reconstruction based on Hg, which is:

Output? = FFN;(HI[:,1: N]),

d 4 €))
Outputy = FENy(HS[:, N +1: N + M]).

And the training objective of the difference reconstruc-
tion is:

Ld

img

= MSE(Output?, Input,),
L¢ , = CrossEntropy (Output%, Input.), (10)
Lilliff =L, + L,

img
This operation has two advantages. First, it prompts the
model to compare two similar images and learn their differ-
ences, so that the unique features of each image can be cap-
tured in this process. Then, the random factors inherent in
this process can prevent the model from relying too heavily
on the original features, thereby reducing the risk of over-
fitting. This forces explicit learning of fine-grained subtle
differences in high-similarity medical images. This method
integrates with co-regularized pre-training, and better ad-
dresses the core challenge of data-scarce medical VQA.
Nevertheless, the extremely limited data during fine-
tuning require further data augmentation and regularization

to prevent overfitting. Based on the idea of Mixup [50],
a head mixup method for CMDPI is introduced. Given
the local features H¢ from difference reconstruction, we
first obtain its downstream head hp = HY[:, —1], then we
pick another VQA sample and obtain its downstream head

hp = H,[:, —1]. We then mix these two heads and their
corresponding answers Ans and Ans as follows:

hyiz =A-hp + (1= A)-hp,

. 11
Ans,iz = A-Ans+ (1 — \) - Ans,

where A is randomly sampled from [0,1]. The model
is trained to minimize Ans!, ;. = FFN4(h,,;,) and the
mixed label Ans,,;, via cross-entropy loss, which is:
Lnie = CrossEntropy(Ans),;.., AnSyiz)- (12)
Combining the loss functions from difference recon-
struction and head mixup, the overall loss function during

fine-tuning is:
Lft = Lz + Lgi.ff- (13)

Head mixup can learn more generalizable features while
difference reconstruction sharpens feature discriminability.
It should be noted that the hidden representations generated
through feature deviation also contribute to answer predic-
tion. It enables the model to learn discriminative image pat-
terns for question answering. However, to prevent excessive
noise amplification, we restrict feature deviation application
exclusively to the current sample, excluding the sampled
similar image.

4. Experiment

This section begins by presenting the datasets for pre-
training and fine-tuning. Next, the experimental setup
is described, including the compared models and hyper-
parameters. Experimental results are then demonstrated,
followed by a discussion that further analyzes the CMDPI.

4.1. Dataset

The ROCO dataset [41] comprises a multimodal collec-
tion featuring a variety of medical imaging modalities (such
as X-rays, CT, MRIL.), encompassing over 81k medical ra-
diographic images accompanied by their corresponding tex-
tual descriptions. PMC-VQA [53] is a large-scale medical
VQA dataset, which contains 149k images with 227k QA
pairs covering various modalities or diseases. The QA pairs
are automatically generated using ChatGPT. And these im-
ages encompass various medical imaging modalities, fulfill-
ing the requirement for dataset diversity. These two datasets
are utilized in our pre-training process, while we only uses
the training split in ROCO: 65k data and a small part of



Table 1: Model Performance on VQA-RAD Dataset. Mod-
els with * are based on LLMs.

Table 2: Model Performance on SLAKE Dataset. Models
with * are based on LLMs.

] Model | Open | Closed | Overall | ] Model | Open [ Closed [ Overall |
Pretrain Data Less than 120k Pretrain Data Less than 120k
MEVF [40] 43.0% 76.5% 63.2% MEVF [40] 76.1% 81.7% 78.3%
VQA-MIX [12] 63.1% 82.4% 74.7% VQA-MIX [12] 77.2% 80.8% 78.6%
MLPs-Base [34] 53.1% 81.3% 70.2% MLPs-Base [34] 79.9% 88.5% 82.9%
VG-CALF [21] 67.0% 85.5% 76.1% VG-CALF [21] 81.4% 83.8% 83.3%
ACMA-MAM [26] 63.6% 84.4% 76.1% ACMA-MAM [26] 80.8% 86.7% 83.1%
CPCR [31] 60.5% 80.4% 72.5% CPCR [31] 80.5% 84.1% 81.9%
WSRP [14] 67.6% 82.7% 76.7% WSRP [14] 76.7% 83.9% 79.5%
VQA-Adapter [33] 66.1% 82.3% 75.8% VQA-Adapter [33] 79.2% 83.7% 81.0%
MKGF [48] 61.7% 81.7% 71.7% MKGF [48] 65.8% 82.0% 74.3%
VB-MVQA [6] 61.3% 78.1% 71.3% VB-MVQA [6] 77.0% 80.5% 78.7%
MITER [45] 59.4% 80.5% 72.1% MITER [45] 79.2% 84.4% 81.2%
CMDPI (Our model) | 74.3% 85.7% 78.7 % CMDPI (Our model) | 80.6% 88.0% 83.5%
Pretrain Data More than 200k Pretrain Data More than 200k
M3AE [7] 67.2% 83.5% 77.0% M3AE [7] 80.3% 87.8% 83.2%
BiomedCLIP [52] 67.0% 76.5% 72.7% BiomedCLIP [52] 84.3% 88.9% 86.1%
LLaVA-Med* [23] 61.5% 84.2% 75.2% LLaVA-Med* [23] 83.1% 85.3% 84.0%
UniMed-LVLM*[51] 26.2% 75.4% 55.8% UniMed-LVLM*[51] 84.0% 84.4% 84.2%
PeFoMed* [32] 62.6% 87.1% 77.4% PeFoMed* [32] 77.8% 88.7% 82.1%

PMC-VQA: 49k, which is 114k in total to pre-train our
model.

To evaluate our proposed method, two public-available
Med-VQA benchmark datasets are selected. The VQA-
RAD dataset [22] is a medical VQA dataset manually cu-
rated in radiology, comprising 315 radiology images and
3,515 visual questions, question-answer pairs are catego-
rized into open-ended tasks and closed-ended tasks. 42%
of which were open-ended and the rest were closed-ended.
The SLAKE dataset [30] is a comprehensive medical VQA
dataset which comprises 642 medical images and 14,028
question-answer pairs. 60% of the questions were open-
ended, while the remaining were closed-ended.

4.2. Experimental setup

Our paper compares the performance of CMDPI with
existing mainstream models in medical VQA, including
MEVF [40], VQA-MIX [12], MLPs-Base [34], VG-
CALF [21], ACMA-MAM [26], CPCR [31], WSRP [14],
VQA-Adapter [33], MKGF [48], VB-MVQA [6],
MITER [45] , M3AE [7], BiomedCLIP [52], LLaVA-
Med [23], UniMed-LVLM [51], and PeFoMed [32]. These
models encompass both classification-based and large
language model-based approaches for medical VQA, each
exhibiting unique characteristics.

For our proposal model, CMDPI, its image encoders
and text encoders are initialized with CLIP [44]. The re-
construction network adopts Transformer [47] as backbone.

The layer number is set to be 4 with 512 hidden units. Dur-
ing pre-training, AdamW is used as optimizer. The maxi-
mum number of training epochs is 100. During fine-tuning,
the learning rate is set to 7.5e-6, with a maximum of 300
epochs. The batch size is fixed at 32.

During difference reconstruction, we identify similar im-
age pairs using our pre-trained model (prior to fine-tuning),
leveraging its generalized capability for similarity measure-
ment. For each image, we extract a global representa-
tion. Pairs exhibiting a cosine similarity exceeding 0.75 are
treated as similar. When employing the head mixup tech-
nique, the sampled data maintain consistent organ type and
question type with the original samples. The model com-
prises approximately 194 million parameters. Pre-training
required 20 hours, while fine-tuning took 14 hours on a sin-
gle NVIDIA RTX 3090 GPU.

4.3. Experimental Results

The results on the VQA-RAD and SLAKE datasets are
shown in Table | and 2, respectively. Generally, there is no
clear gap between existing classification-based models and
LLM-based models. Although LLM-based models have
large volume of data pre-training on huge general-domain
dataset, they cannot benefit from this process. It demon-
strates the high differences between image data and general
domain data.

Existing models can be broadly categorized into two
groups based on the volume of pre-training data: pre-
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Figure 6: Ablation Study of Contrastive Learning Data.

training data less than 120k and pre-training data more than
200k. Within the first category (models with limited pre-
training data), CMDPI achieves satisfactory accuracy on
both the VQA-RAD and SLAKE datasets, surpassing ex-
isting benchmarks including powerful LLM-based models.
This enhancement can be attributed to three key innova-
tions: (1) the integration of co-regularization during pre-
training, which strengthens the model’s ability to learn gen-
eralizable cross-modality alignment features; (2) the high
utilization of pre-trained parameters, which increases the
model’s capacity to capture complex patterns; and (3) the
incorporation of difference reconstruction and mixup tech-
niques during fine-tuning, which enables efficient optimiza-
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Figure 7: Ablation Study of Pre-training Techniques.

tion with limited data for downstream tasks. The proposed
approach not only elevates model accuracy but also reduces
reliance on large-scale datasets.

When benchmarked against models pre-trained on over
200,000 data samples, CMDPI achieves the best accuracy
of 78.7% on the VQA-RAD dataset, outperforming exist-
ing approaches. On the SLAKE dataset, although Biomed-
CLIP achieved the best results, in terms of the amount of
pre-training data, as shown in Figure 5, it leverages 15M
pre-training data samples—over 13 times the volume re-
quired by CMDPI. Furthermore, BiomedCLIP achieves 6%
lower accuracy than our model on VQA-RAD. Similarly,
while UniMed-LVLM performs well on SLAKE, its ac-
curacy on VQA-RAD drops to 55.8%, and the amount of
pre-training data is higher than that of CMDPI. This dis-
parity underscores BiomedCLIP and UniMed-LVLM’s lim-
ited generalization capabilities. In contrast, CMDPI re-
quires substantially less data while demonstrating superior
generalization performance compared to models that de-
pend on significantly larger datasets. The superior perfor-
mance of CMDPI relative to existing classification-based
and LLM-based methods demonstrates that it represents a
promising approach for enhancing performance through op-
timized model architectures and training strategies rather
than through continuous data scaling.

4.4. Discussion

In addition, ablation studies are conducted to verify the
effectiveness of our design in both pre-training and fine-
tuning.

4.4.1 Effectiveness of Pre-training Techniques

Due to the inherent incompleteness of information in VQA
datasets, they are not well-suited for contrastive learning.
VQA data often lack comprehensive and detailed annota-
tions, and the available question-answer pairs may not fully
capture the rich semantic relationships present in the corre-
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Figure 9: Feature Visualization of (a) CMDPI without head
mixup; and (b) CMDPI with head mixup.

sponding images and texts. As a result, applying contrastive
learning directly on VQA data can lead to suboptimal align-
ment between modalities and insufficiently discriminative
feature representations. The experimental results are shown
in Figure 6. The dark blue bar (labeled as Contra.QA)
corresponds to the model that incorporates VQA data in
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Figure 10: Ablation Fine-Tuning Performance on Different
Organ Types.

contrastive learning, and its performance shows a perfor-
mance drop. This observation is consistent with our anal-
ysis, which suggests that the limited and incomplete infor-
mation in VQA data hinders the effectiveness of contrastive
learning strategies, ultimately affecting the model’s ability
to generalize to downstream tasks.

Furthermore, we integrate the idea of co-regularization,
which are global and local reconstruction, and inter- and
intra-modality contrastive learning in pre-training process.
It can be observed in Figure 7 that disabling any of them
results in a clear decrease in performance. Under the set-
ting of limited pre-training data, the original pre-training
techniques cannot obtain good performance as expected.
It is important to apply regularization for each of them.
Our core idea, co-regularization contributes to the perfor-
mance of CMDPI. Comparing to these four techniques,
inter-modality contrastive learning plays a more important
role, since the performance decrease more than the other
three techniques. It shows the significance of the alignment
between different modalities.

4.4.2 Effectiveness of Fine-tuning Techniques

The effectiveness of difference reconstruction and head
mixup is illustrated in Figure 8. Difference reconstruction
can contribute to both the model performance in open ques-
tions and closed questions, while head mixup contributes
more to the performance in open questions. Comparing
with closed questions, open questions have more various
answers. In this time, head mixup can be regarded as a
regularization term to ensure a rough linear relations be-
tween selected answers. To demonstrate this analysis, our
paper further conducts a visualization of the features from
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the model with and without head mixup. The results are
shown in Figure 9. In Figure 9 (a), data with different ques-
tion types are in different colors. The model without head
mixup has large gaps between different question types. Fea-
tures corresponding to different questions types are mixed
and divided into three clusters. There are no clear patterns
in each cluster. However, in Figure 9 (b), the model with
head mixup has a more compact distribution and features
corresponding to different questions types have been dis-
tributed in certain areas. These results verify of our analyses
to head mixup that head mixup can be regarded as a regular-
ization technique, and the model with head mixup can learn
more generalizable features.

To further explore the effects of difference reconstruc-
tion and head mixup in various specific scenarios, we con-
ducted more detailed ablation analyses by categorizing the
performance metrics according to question type and organ
type, as shown in Figure 10 and Figure 11. As illustrated in
Figure 10, the overall trend is largely consistent with the re-
sults in Figure 8, with our model achieving the best perfor-
mance across all metrics. And the difference reconstruction
technique performs better than head mixup. It is worth not-
ing that the performance on abdominal-related questions is
lower than that on head and chest-related questions, which
may be attributed to the complexity of abdominal anatomy.

As shown in Figure 11, the CMDPI model demonstrates
superior performance across most question types, while the
variant models that employ only difference reconstruction
or head mixup achieve higher efficiency in only a few cat-
egories, such as color and position. This phenomenon may
be attributed to the fact that these question types mainly
focus on factual issues, requiring direct extraction of ba-

sic visual attributes and involving less complex cross-modal
reasoning. In contrast, for higher-level reasoning questions
such as abnormality, our CMDPI model stands out. This
is primarily because such questions rely on cross-modal se-
mantic understanding and complex clinical reasoning. The
synergy between difference reconstruction and head mixup
enables the model to enhance fine feature discrimination
and answer generalization under limited data conditions,
resulting in performance gains that surpass those of single
techniques.

More experimental results are provided in the Appendix.

4.5. Case Study

In addition, we present a case study to explore the effec-
tiveness of difference reconstruction and head mixup, as il-
lustrated in Figure 12. The first case is a closed-ended ques-
tion, for which the target answer should be ”"No.” However,
only our full model is able to provide the correct answer.
The model without difference reconstruction fails to capture
key information and thus cannot produce the correct answer.
The model without head mixup learns less diverse features
and provides the wrong answer. The second case involves
an open-ended answer type, relating to a question about
size. Both the model without difference reconstruction and
the model without head mixup fail to correctly identify the
answer type, mistakenly treating it as a closed-ended task
and outputting an incorrect answer, whereas CMDPI ob-
tains the correct answer. The randomness introduced by dif-
ference reconstruction prevents the model from over-relying
on latent features, while head mixup alleviates overfitting.
The combination of these two mechanisms not only helps
the model capture discriminative image features but also fa-
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cilitates more accurate extraction of textual representations.
In the third and fourth cases, only the model without
the head mixup produces incorrect answers. Head mixup
plays a crucial role in enhancing the model’s cross-modal
feature learning capability. By promoting interaction and
fusion among different attention heads, the head mixup
mechanism enables the model to better capture the com-
plex relationships between images and text. In the fifth and
sixth cases, only the model without difference reconstruc-
tion produces incorrect answers. Difference reconstruc-
tion effectively captures subtle differences between input
samples, thereby improving the model’s ability to distin-
guish between similar samples. By modeling minor vari-
ations among inputs, the difference reconstruction mecha-
nism helps the model more precisely understand and repre-
sent the detailed associations between images and text.

5. Conclusion

In this work, we begin our analysis by examining pre-
vailing trends in existing medical Visual Question Answer-
ing (VQA) research. It is observed that current method-
ologies emulate the large-scale data pre-training paradigms
dominant in general-domain VQA systems. However, the
rate of data accumulation in the medical domain lags sig-

nificantly behind that of general-domain repositories. This
discrepancy suggests that heavy reliance on large-scale data
pre-training approaches will quickly encounter bottlenecks
in development.

We propose CMDPI, a data-efficient model for med-
ical visual question answering (VQA). Our framework
combines the strengths of both classification-based and
generation-based models, ensuring compatibility with ex-
isting pre-training techniques and enabling effective utiliza-
tion of pre-trained parameters. Through our analysis, we
find that general-domain pre-training methods often exhibit
performance biases under data-constrained conditions. To
address this, CMDPI leverages its flexible architecture and
introduces a co-regularization strategy that integrates global
and local image reconstruction with both inter- and intra-
modality contrastive learning. During fine-tuning, to miti-
gate the high similarity characteristic of medical images, we
design a difference reconstruction module that enhances the
model’s sensitivity to unique image features. Additionally,
a head mixup technique is employed to further improve per-
formance. Experimental results demonstrate that CMDPI
achieves performance comparable to or better than existing
classification-based and LLM-based models, while requir-
ing substantially less pre-training data.
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Appendix
Additional Experimental Results

Hyperparameters in Pre-training Loss

During the pretraining process, we employ two scaling
factors, o and «o’, to modulate the relative importance
of inter-modality contrastive learning and intra-modality
contrastive learning interactions in Equation (6), respec-
tively. To investigate the impact of these scaling factors
on model performance, we conduct experiments using dif-
ferent values of « and «o’. The results are illustrated in
Figure 13. The combination of o = 0.5 and o’ = 1 con-
sistently achieves the best performance in the open-ended,
closed-ended, and overall tasks. This finding suggests that,
slightly down-weighting cross-modal interactions (o = 0.5)
while maintaining stronger intra-modal interactions (o =
1) is more beneficial for learning rich, complementary, and
well-aligned multimodal representations.

We further analyze the impact of different loss weight for
each component of the reconstruction loss on model perfor-
mance during the pre-training stage. Specifically, we ad-
justed the weights of the image reconstruction loss (Liyg),
text reconstruction loss (L;,;), and answer reconstruction
loss (Lgns), and shown the experimental results under var-
ious weight combinations in Table 3. For each loss com-
ponent, we test settings with a weight of 0.5 (reducing its
influence) and 1.0 (default balanced setting). The results
show that the model achieves the best performance when
all loss components are set to 1.0. In contrast, imbalanced
weighting leads to a decline in model performance, as it in-
troduces bias and affects the model’s generalization ability.
Overall, a balanced weighting of each reconstruction loss
component is crucial for improving the overall performance
of the model.
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Figure 13: Different Values of Scaling Factor in Contrastive
Learning.

Table 3: Ablation Study of Reconstruction Loss Weights in
Pretraining on the VQA-RAD Dataset

Loss Weight Performance
Limg | Lie | Lans open close overall
0.5 0.5 0.5 73.2% 82.4% 76.7%
0.5 0.5 1.0 70.4% 82.4% 76.3%
0.5 1.0 1.0 71.5% 82.7% 76.3%
0.5 1.0 0.5 72.1% 83.5% 76.5%
1.0 0.5 0.5 72.6% 81.3% 76.1%
1.0 0.5 1.0 73.2% 80.5% 75.8%
1.0 1.0 0.5 71.0% 82.0% 76.5%
1.0 1.0 1.0 74.3% 85.7% 78.7 %

Table 4: Ablation Study of Finetuning Loss Weights on the
VQA-RAD Dataset

Loss Weight Performance
Linix \ Lgi it open close overall
0.5 0.5 73.2% 82.4% 76.7%
0.5 1.0 70.4% 82.4% 76.3%
1.0 0.5 71.5% 82.7% 76.3%
1.0 1.0 74.3% 85.7 % 78.7 %

Hyperparameters in Fine-tuning Loss

During the finetuning stage, to evaluate the impact of the
weight configuration between the head mixup loss (L)
and the difference reconstruction loss (L4, #¢) on model
performance, we conducted an ablation study on the loss
weights during the fine-tuning stage of the CMDPI model,
as shown in Table 4. The experiment compared four dif-
ferent weight combinations, and the results indicate that the
model achieves the best performance when both losses are
set to a weight of 1.0. This demonstrates that head mixup
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Figure 14: The Value of the Cosine Similarity Threshold in
Difference Reconstruction.

provides data augmentation and decision boundary regu-
larization through sample interpolation, effectively alleviat-
ing overfitting under the condition of limited medical data.
Meanwhile, difference reconstruction encourages the model
to reconstruct differences from similar images, highlight-
ing subtle discriminative features. A balanced weighting of
these two losses ensures that they complement each other
and work synergistically to improve model performance.

To perform difference reconstruction, similar image
pairs are identified by exploiting the pre-trained model’s
generalized ability to measure image similarity. This is
achieved by extracting a global feature representation for
each image and then computing the cosine similarity be-
tween image pairs. To identify the optimal similarity thresh-
old, we conducted a thorough threshold sensitivity analysis,
sweeping the threshold from 0.7 to 0.95 in increments of
0.05. As shown in Figure 14, the model achieves the best
overall performance on downstream tasks when the cosine
similarity threshold is set to 0.75.This outcome indicates
that a threshold of 0.75 strikes an effective balance. It can
filter out highly redundant samples with excessive visual
similarity while preserving sufficient diversity. As a result,
the difference reconstruction process can focus more pre-
cisely on discriminative visual differences, ultimately im-
proving the model’s generalization ability and downstream
task performance.

In addition to using random sampling from a uniform
distribution to determine the mixing coefficient A in Equa-
tion (11), we also compared two alternative sampling strate-
gies: Beta distribution sampling and fixed-value sampling,
and evaluated their impact on the final model performance.
Table 5 shows the results of Beta distribution sampling.
This method tends to bias A toward a specific interval de-
pending on the chosen parameters, which limits the diver-
sity of mixing ratios and makes it difficult for the model to
cover a wide range of interpolated samples. Consequently,

Table 5: Comparison of Beta Distribution of the Mixing
Coefficient A in the Head Mixup.

Beta Open Close | Overall
a | B
0.2 0.2 73.2% | 82.4% 76.9%
0.4 0.4 73.7% | 84.6% 77.6%
2.0 2.0 743% | 83.5% 76.5%
0.2 1.0 76.5% | 84.2% 78.1%
1.0 0.2 72.1% | 83.8% 76.7%

| Uniform (Ours) | 743% [ 857% | 78.7% |

B Fixed — Random
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Figure 15: Comparison of Fixed-value Sampling of the
Mixing Coefficient A in the Head Mixup.

the regularization effect is weakened and the generalization
ability is reduced.

The results of fixed-value sampling are shown in Fig-
ure 15. When ) is set as a constant, there is a lack of
variability and randomness is completely eliminated, caus-
ing the model to overly rely on deterministic interpolation.
This predictability restricts the effectiveness of data aug-
mentation in combating overfitting under data-scarce sce-
narios and makes it difficult to simulate sufficient sample
diversity. In contrast, random mixing with a uniform dis-
tribution introduces moderate randomness, which helps the
model learn more robust multimodal fusion capabilities.

Notation Table

Table 6 offers a consolidated overview of the main abbre-
viations, symbols, and variables utilized in the paper, partic-
ularly those appearing in Section 3 and its related equations,
to enhance clarity and readability. For comprehensive defi-
nitions of each symbol, please consult the relevant subsec-
tions within Section 3.



Table 6: Notation Table

Symbol / Abbreviation Description Reference

Key Abbreviations

CMDPI Cross-Modality Discriminative Pattern Identification Model Abstract

VQA Visual Question Answering Abstract

LLM Large Language Model Section 1

MHA Multi-Head Attention Eq. 3

FFN Feed-Forward Network Eq.3

LN Layer Normalization Eq. 3

MSE Mean Squared Error Eq.5

GELU Gaussian Error Linear Unit (activation in FFN) Eq. 3

Feature Representations

hr Global feature representation of the input image Egs.1,8

Hi Local feature representations of the input image (patch sequence) Egs.1,8

hr Global feature representation of the input text Eq.1

Hr Local feature representations of the input text Egs. 1.8

hr Fused global representation Egs.1,2,8
b /T Masked global representations (image/text) Eq. 2

H; /T Masked local representations (image/text) Eq.2

h T Global representations from momentum encoders (contrastive learning) Eq.6

H; Local features of a similar image Eq. 8

H; Deviated local image features (mix of original and similar) Eq.8

h Shared trainable vector for local reconstruction Eq. 2

HjI Hidden representations from global reconstruction Eq. 2

H! Hidden representations from local reconstruction Eq. 2

HY Hidden representations from difference reconstruction Eq.8

hp Downstream head for answer prediction Eq.11

Rmiz Mixed downstream head (for head mixup) Eq.11

u Intermediate representations in the reconstruction network Eq. 3

(] Normalized intermediate representations after MHA Eq. 3

Loss Functions and Components

Liyec Overall reconstruction loss Eq.5

Limg Image reconstruction loss (MSE) Eq. 5

Lzt Text reconstruction loss (Cross-Entropy) Eq.5

Lans Answer reconstruction loss (Cross-Entropy) Eq.5

Clinter Inter-modality contrastive loss Eq.6

Cintra Intra-modality contrastive loss Eq. 6

Chotal Total contrastive loss Eq. 6

Lé, if Difference reconstruction loss Eq.10

e, g Difference image reconstruction loss Eq.10

e, Difference text reconstruction loss Eq.10

Loz Head mixup loss (Cross-Entropy) Eq.12

Ly Overall fine-tuning loss Eq. 13

Hyperparameters and Other Symbols

p Mask ratio for input masking Eq.2

€ Random factor for feature deviation (sampled from [0,1]) Eq.8

A Mixing coefficient for head mixup (sampled from [0,1]) Eq.11

a,af Scaling factors for inter- and intra-modality contrastive losses (0.5 and 1) Eq.6

T Temperature parameter in contrastive loss Eq.7

M Number of text tokens Eq. 4

sim(a, b) Cosine similarity between vectors a and b Eq.7

Contra(a, b) Contrastive loss between representations a and b Eq.7




