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Pretraining has laid the foundation for the recent success of deep learning in multimodal medical image 
analysis. However, existing methods often overlook the semantic structure embedded in modality-
specific representations, and supervised pretraining requires a carefully designed, time-consuming 
two-stage annotation process. To address this, we propose a novel semantic structure-preserving 
consistency method, named “Review of Free-Text Reports for Preserving Multimodal Semantic 
Structure” (RFPMSS). During the semantic structure training phase, we learn multiple anchors to 
capture the semantic structure of each modality, and sample-sample relationships are represented 
by associating samples with these anchors, forming modality-specific semantic relationships. For 
comprehensive modality alignment, RFPMSS extracts supervision signals from patient examination 
reports, establishing global alignment between images and text. Evaluations on datasets collected 
from Shanxi Provincial Cancer Hospital and Shanxi Provincial People’s Hospital demonstrate that our 
proposed cross-modal supervision using free-text image reports and multi-anchor allocation achieves 
state-of-the-art performance under highly limited supervision. Code: ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​s​h​i​c​h​a​o​y​u​1​/​R​
F​P​M​S​S​​​​​​

Keywords  Multimodal structural semantics, Medical image analysis, Clinical report generation, Vision 
transformers

Researchers are increasingly exploring large-scale multi-modal training to learn meaningful representations1. 
However, aligning different modalities remains challenging due to their inherent differences, potentially missing 
essential features for glioma diagnosis1,2. As shown in Fig. 1(a), early diagnosis relies on symptoms but ultimately 
depends on integrating MRI and pathology for conclusive results1.

The core of multi-modal fusion is semantic alignment across modalities. Recently, Multi-Modal Large 
Language Models (MLLMs)3 have shown remarkable ability to bridge this gap by combining textual reports 
with imaging data. These advancements, while promising, face hurdles due to annotation complexities, which 
demand extensive medical expertise4,5. Additionally, disease heterogeneity, data noise, and variability among 
medical practitioners contribute to reproducibility challenges and inconsistent clinical outcomes1.

In glioblastoma diagnosis, there are two main challenges in multi-modal information fusion. First, domain 
shifts between medical and natural images introduce noise, reducing diagnostic accuracy. Second, despite 
advances in self-supervised learning and representation transfer, issues such as limited datasets and inefficient 
labeling persist. Manual annotation remains complex and prone to errors, as annotators must account for 
spelling variants, synonyms, and abbreviations, often relying on NLP tools. Small mistakes in any step can lead 
to significant inaccuracies in label extraction, limiting scalability and accuracy.

Given the challenges mentioned, we propose a free-text report-driven review method based on Retaining 
Multi-Modal Semantic Structure (RFPMSS), as shown in Fig. 1(b), which demonstrates the overall workflow 
of our proposed approach. RFPMSS utilizes free-text reports for cross-modal alignment, eliminating the need 
for structured labels and enhancing modality fusion. This approach addresses the existing issues, ultimately 
improving diagnostic accuracy. Diagnosing glioblastoma is a challenging task, as single-modal data alone cannot 
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provide a comprehensive diagnosis. As shown in Fig. 1(a), doctors need to combine imaging data and pathology 
text reports for an accurate assessment. To achieve this, as shown in Fig.  1(b), we employ two strategies: 
semantic structure modeling and cross-supervised training. The first strategy models modality-specific semantic 
structures by introducing “anchors” as proxies for latent representations. Through learning these anchors and 
modeling their associations with samples, we can represent both shared and unique concepts across samples, 
which enhances interpretability. By optimizing many-to-many anchor assignments, we maintain modality-
specific semantics in the input space and achieve effective multimodal fusion in the joint embedding space, 
thereby improving diagnostic interpretability. Secondly, RFPMSS employs a cross-supervision learning strategy 
to further enhance modality alignment. During the pretraining phase, the method does not rely on structured 
labels. Instead, supervision signals are derived from radiology and pathology reports as free-text, which serve as 
the supervisory signals for modality alignment. This text-driven supervision method automatically cross-checks 
the relationships between image modalities and textual modalities, helping to align them in a shared semantic 
space, thereby improving the co-representation of multi-modal information. Moreover, the textual reports 
mitigate the dependence on structured labels by providing rich semantic content, enabling effective supervision 
without the need for explicit structured annotations, thus reducing reliance on manual labeling.

To demonstrate the effectiveness of our proposed approach, we trained our model on datasets collected from 
Shanxi Provincial People’s Hospital and Shanxi Cancer Hospital and tested it on multiple downstream zero-shot 
tasks. The results showed that our method achieved state-of-the-art performance across all settings, further 
underscoring the potential of RFPMSS in cross-modal medical image analysis.

In summary, our contributions are as follows:

•	 We propose a novel anchor-based sample learning framework that preserves modality-specific semantic 
structures in a multimodal context. This enables effective semantic alignment and enhances the generaliza-
tion capacity of cross-modal representations. By applying contrastive loss, our approach effectively addresses 
domain shift issues. Compared to standard multimodal information processing, this method improves glio-
ma diagnosis accuracy and robustness across various clinical scenarios.

•	 We introduce a text-driven modality alignment strategy that leverages free-text radiology and patholo-
gy reports to learn medical image representations, thereby mitigating the dependency on structured labels. 
The use of rich textual information not only alleviates the reliance on manual annotations but also provides 
strong supervisory signals for modality alignment, bridging the semantic gap between imaging and textual 
modalities.

•	 Our method achieves superior performance over existing state-of-the-art multi-modal self-supervised rep-
resentation learning approaches on both in-domain and out-of-domain datasets, demonstrating its robust-
ness and effectiveness across various downstream tasks and clinical applications.

Related work
Multi-modal learning
With the emergence of large-scale multimodal datasets 6, multimodal learning has garnered extensive attention, 
spanning areas such as visual-language learning7,8 , visual-audio learning9–11, video-audio-language learning12 , 

Fig. 1.  Motivation and Our Framework: (a) The practice of doctors in a clinical environment. (b) A semantic 
structure modeling strategy and a cross-supervised training strategy. The first focuses on modality-specific 
semantic structures. By optimizing many-to-many anchor assignments, it preserves modality-specific 
semantics within the input space. The second strategy uses a cross-supervised learning approach to further 
improve modality alignment. This text-driven supervision method cross-checks the relationships between 
imaging and textual modalities, aligning them within a shared semantic space. This reduces reliance on 
structured labels and improves multimodal co-representation.
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zero-shot learning13, cross-modal generation14, and multimodal multitask learning15 . Miech et al.6 introduced a 
large-scale multimodal dataset composed of videos, audio, and text collected from YouTube without any manual 
annotations. It’s important to note that text is generated from audio using automatic speech recognition (ASR), 
and there exists noise alignment between text and video. They proposed a multimodal system showcasing the 
potential of learning video-text embeddings through contrastive loss. To handle noise in the dataset, 16 et al. 
introduced a method for noise estimation in multimodal data using multimodal density estimation. Miech et 
al.6 proposed a noise-contrastive estimation method in a multi-instance learning framework. XDC17 clustered 
audio–video for better feature learning in each modality. While some works focused on utilizing two modalities 
for multimodal learning, others explored using audio, video, and text together. A universal multimodal 
network18 was proposed to learn different embeddings for each modality combination. AVLNet12 aimed to learn 
a shared embedding mapping all modalities into a single joint space. Subsequently, MCN19 proposed learning 
a joint embedding through joint clustering and reconstruction. It’s worth noting that19 performs multimodal 
K-means clustering for learning hard semantic clusters. In contrast to the strict assignment in19, we propose 
flexible learning with multiple tasks separately for each modality. Recently, EAO20 utilized transformers and 
combination fusion modes to learn a joint embedding with contrastive loss.

Most of these works leverage contrastive or clustering losses on fused multimodal representations to learn 
a joint embedding space. However, this approach may fail to preserve modality-specific semantic structures 
among samples encoded by pre-trained modality-specific backbones, potentially compromising the model’s 
generalization ability. Recent research suggests that large-scale contrastive multimodal models like CLIP21 
exhibit robustness to distribution shifts, mainly due to diverse large-scale training data and prompt engineering21 
. Therefore, our focus is on making the pre-training objective robust to distribution shifts. In this regard, we 
propose a novel approach to preserve modality-specific semantic relationships in the joint embedding space by 
modeling relationships between samples. To achieve flexible relationship modeling between samples, we learn 
multiple anchor assignments for each sample, where shared anchors across samples capture commonalities, and 
different anchors between samples highlight uniqueness.

Sinkhorn-Knopp
In recent years, the Sinkhorn-Knopp algorithm22 has gained attention for its effectiveness in solving optimal 
transport problems23. Specifically,24proposed an entropically relaxed optimal transport problem that can be 
efficiently solved using the Sinkhorn matrix scaling algorithm. Much subsequent work has successfully leveraged 
the Sinkhorn-Knopp algorithm to solve different label assignment problems formulated as optimal transport. 
For instance, SeLa24 poses unsupervised clustering as a pseudo-label assignment problem and uses the Sinkhorn-
Knopp algorithm to solve it. SeLaVi25 extends this idea to self-supervised representation learning on multimodal 
data, where exchanging cluster assignments between modalities encourages modality-invariant representation 
learning. Similarly, SwAV26 employs the Sinkhorn-Knopp algorithm for self-supervised representation learning, 
proposing to swap pseudo-labels between different augmentations of a sample, using soft assignments rather 
than hard pseudo-labels. In contrast to these works, SuperGlue27 uses the Sinkhorn-Knopp algorithm to solve 
correspondence problems between two sets of local features. Additionally, Sinkhorn-Knopp has been applied 
to detection problems28, for matching anchors to ground truths. More recently, UNO29 and TRSSL30 have 
successfully leveraged the Sinkhorn-Knopp algorithm to address novel class discovery and open-world semi-
supervised learning, respectively. A key limitation of conventional Sinkhorn-Knopp algorithm is that it cannot 
be directly used to compute multiple assignments required for multi-anchor based learning.

Some previous work30 has attempted to address many-to-many matching problems indirectly. The authors 
of31 used an intermediate graph to match vertices between source and target graphs, but this intermediate graph 
was limited to group-to-group assignments and insufficient for the true many-to-many matching problem we 
aim to solve. 32modified the Sinkhorn-Knopp row and column constraints to obtain many-to-many assignments 
for modeling dense correspondence, however we find this approach performs poorly on multi-anchor matching 
problems. The modified Sinkhorn-Knopp constraint method produces suboptimal results, as discussed in Section 
“Visualization of RFPMSS”. To address these issues, we propose a new Multi-SK algorithm in this paper, which 
outperforms the improved Sinkhorn-Knopp constraint method and achieves true many-to-many matching.

Transformers in medical imaging
Transformers have achieved unprecedented success on natural language processing tasks33. Building on these 
advances, researchers have recently applied Transformers to computer vision, where they have surpassed the 
performance of convolutional neural networks (CNNs) on several tasks. This success has led the computer vision 
community to reconsider the dominance of CNNs. The medical imaging field has also seen increasing interest 
in Transformers, which can capture global context more effectively than CNNs that have only local receptive 
fields. Transformers show promise for medical image analysis by modeling long-range dependencies in images. 
Multimodal medical image fusion typically consists of intra-modality and inter-modality fusion. Inter-modality 
approaches aim to synthesize target images in order to capture useful structural information from source images 
of different modalities. Examples include translating between CT and MRI. Due to the challenges of inter-modal 
translation, only supervised approaches have been explored so far.

Dalmaz et al.34 introduced a new synthesis approach called ResViT for multi-modal imaging based on a 
conditional adversarial network with a ViT-based generator. ResViT employs both convolutional and transformer 
branches within residual bottlenecks to preserve local precision alongside global contextual sensitivity, 
leveraging the realism of adversarial learning. The bottlenecks comprise novel aggregated residual transformer 
blocks that synergistically retain local and global context, with weight sharing to minimize model complexity. 
ResViT was shown to be effective on two multi-contrast brain MRI datasets, BraTS35 and a multi-modal pelvic 
MRI-CT dataset36. Most transformer-based medical image synthesis methods use adversarial losses to generate 
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realistic images. However, adversarial losses can lead to mode collapse, which requires effective strategies for 
mitigation37. In contrast, the proposed method in this work learns medical image representations directly from 
accompanying radiology and pathology reports using RFPMMS, then retains information conducive to cross-
modal embedding learning and preserving modality-specific semantic structure. This effectively addresses the 
problem of mode collapse.

Method
Ethical Approval and Consent: This study was approved by the Institutional Review Boards (IRBs) of Shanxi 
Provincial People’s Hospital, Shanxi Province Cancer Hospital, and Fenyang Hospital of Shanxi Province. All 
methods were carried out in accordance with relevant guidelines and regulations, including the Declaration of 
Helsinki. Informed consent was obtained from all subjects and/or their legal guardians prior to data collection 
and analysis. The data used in this study involved brain glioma imaging information and pathology reports from 
a cohort of patients treated at the above-mentioned hospitals.

Algorithm Overview: RFPMSS performs cross-supervised learning on top of a transformer-based backbone 

(termed Medical Image Transformer). As shown in Fig. 2 given a set of multimodal inputs 
{
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for a patient’s study, we first forward its views to the Medical Image Transformer to extract view-relevant feature 
representations, where modality-specific projection functions are learned, denoted as fIc,fIm,fIp,ft,obtaining 
Îc,Îm,Îp,t̂ respectively. Where  I

(i)
c , I(i)

m , I
(i)
p , t(i)′ respectively represent the CT images, MRI images, 

pathology images, and the corresponding diagnostic report for the i-th patient. Our goal is to optimize the 
parameters of ft, fv, fa such that they preserve the semantic structures between modality-specific samples in the 

Fig. 2.  Overview of the Proposed Model. Given weakly aligned radiological and pathological reports, CT 
images, MRI images, and pathological slice images of a patient, we first extract features using frozen modality-
specific backbones (with the proposed medical image Transformers serving as the backbone in this work). 
These features are then passed through a token projection layer to obtain modality-specific input features 
(lc, lm, lp, t). Next, the modality-specific transformer models project the input features into a joint multi-
modal representation space 

(
lĉ, lm̂, lp̂, t̂

)
. The similarity between the input features (lc, lm, lp, t) and the 

input space anchors (Zlc, Zlm, Zlp, Zt), as well as the projected features 
(
lĉ, lm̂, lp̂, t̂

)
 and the projected 

space anchors 
(
Ẑlc, Ẑlm, Ẑlp, Ẑt

)
, is calculated. Our Multi-SK algorithm (M(.)) is then employed to optimize 

the assignment of multiple anchors for each sample, as illustrated by the input space assignment (projection 
space assignment). This process is performed for each modality, with the corresponding consistency loss 
enforced; however, for simplicity, only the modality-specific consistency loss for text anchors and cross-modal 
consistency between the patient report text and pathological slice image modalities are depicted in this figure. 
LN and MHSA represent LayerNorm and Multi-Head Self-Attention, respectively.
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joint embedding space while bringing semantically-related cross-modal inputs closer. Next, we perform cross-
supervised learning, acquiring study-level supervision signals from free-text radiology reports. For this, it is 
necessary and imperative to use view fusion to obtain a unified visual representation for the entire patient study, 
as each radiology report is associated with a patient study but not with individual radiographs within the patient 
study. Then, this fused representation is used for two tasks in the pretraining stage: report generation and study-
report representation consistency reinforcement. The first task supervises the training of the Medical Image 
Transformer using the free text from the original radiology reports. The second task reinforces the consistency 
between the visual representation of a patient study and the textual representation of its corresponding report. 
In Section “Modeling sample relationships via improved Sinkhorn-Knopp with anchors”, we propose a method 
to model relationships between samples using anchors, discussing the novel Multi-SK algorithm to learn these 
anchors for representing sample relationships, and then detail how the improved ViTs perform cross-supervised 
patient images and reports to obtain a unified feature representation in Section “Cross-supervised learning 
medical image transformer”. Finally, we propose the overall training objective to train the model in Section 
“Overall training objective of the model”.

Modeling sample relationships via improved Sinkhorn-Knopp with anchors
We aim to improve the generalization capability of cross-modal models on unseen data by flexibly modeling the 
relationships between samples, i.e., x(i), x(j), from a particular modality using anchors, while preserving the 
semantic structures between modality-specific samples. Specifically, we learn multiple anchors for each sample, 
where the similarity of assignments over these anchors represents the relationship to be preserved between 
samples from a particular modality. By enforcing consistency in anchor assignments before and after projecting 
features to the joint embedding space, we preserve the modality-specific semantic structures. To address the 
challenge of unsupervised anchor discovery, we cast it as a many-to-many label assignment optimal transport 
problem with a uniform prior and propose the Improved Sinkhorn-Knopp algorithm. Here, the sample-to-
anchor similarities encode sample relationships, with the top K anchors effectively modeling relationships for 
each sample(z =

{
z(i)}K

i=1
 represents the learned anchors before transformation,ẑ =

{
ẑ(i)}K

i=1
 represents 

the learned anchors after transformation). Preserving such modality-specific semantic structures in the joint 
space boosts the cross-modal model’s generalizability.

Given a sample matrix G s.t.G ∈ RN×d representing N samples and an anchor matrix Z  s.t. Z ∈ RK×d of 
K anchor vectors, we compute a similarity matrix X  s.t.X = G · Z⊤ and X ∈ RN×K . This similarity matrix 
provides information on the relationships between samples and anchors, serving as a foundation for subsequent 
allocation strategies. The goal is to identify an anchor assignment matrix P  that precisely allocates each sample 
to K′ anchors while ensuring uniform distribution across different anchors i.,e each anchor must be selected 
exactly N × K′/K  times.

	 U(Z, G) def={P ∈ RN×K
+ |P 1K = Z, P T 1N = G},� (1)

To compute the multi-anchor assignments for each sample, we introduce an alternative 3D matrix P ′ 
s.t.P ′ ∈ RK×N×K . We augment the dimensionality of the previously mentioned similarity matrix X  to 3D by 
adding a depth dimension, resulting in a 3D similarity matrix X ′ with K channels, shaped as K × N × K . Each 
channel is a scaled version of X , with channels having a predefined ranking to enable top-K′ anchor selection. 
Since we are interested only in selecting the top K′ anchors, we set the first K′ channels of X ′ to be the same as 
X . The remaining K − K′ channels are set to µX , where µ is a damping factor s.t.0 < µ < 1, assisting in the 
selection of the top K′ anchors for each sample.

The optimization objective of multi-allocation Sinkhorn-Knopp is to identify an allocation matrix P ′ that 
satisfies our multi-anchor allocation constraints while maximizing similarity with the initial allocation/similarity 
matrix X ′. The optimization problem is defined as minimizing the distance dλ

X (Z, G).

	
dλ

X (Z, G) = min
X′∈(Z,G)

∑
ijk

P ′
ijkX ′

ijk − 1
λ

h (P ∗)� (2)

	
h (P ∗) = −

∑
P ′

ijk log P ′
ijk � (3)

P ∗ can be obtained through the following algorithm:
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Algorithm 1 Computation dλ
X (Z, G) and P ∗ of using Sinkhorn-Knopp’s fixed point iteration.

The final 2D assignment matrix P  is computed by performing a depth-wise sum on the top K′ channels.

Cross-supervised learning medical image transformer
In the backbone of the architecture, the Medical Image Transformer receives image patches as input. The 
multi-modal medical images are processed into patches by dividing each patient’s corresponding CT, MRI, and 
histopathology images into a 14 × 14 grid of cells, each containing 16 × 16 pixels. For example, considering MRI 
images, each image patch is flattened into a one-dimensional pixel vector and then fed into the transformer. At 
the start of the transformer, a patch embedding layer linearly transforms each one-dimensional pixel vector into 
a feature vector. This vector is concatenated with position embeddings generated through learnable positional 
encoding to capture the relative position of each patch within the entire input patch sequence. The concatenated 
features are then passed through another linear transformation layer to match the dimension of the final medical 
image features. At the core of the Medical Image Transformer, we stack 12 self-attention blocks with identical 
architecture but independent parameters (Fig. 3a). The self-attention block is designed following the approach 
in33 and is repeated multiple times. In each block, layer normalization38 is applied before the multi-head 
attention and perceptron layers, and residual connections are added afterward to stabilize the training process. 
In the perceptron layer, we employ the Mish activation function39 instead of the linear unit (ReLU)40. Given the 
need for more detailed image information in patient imaging data to capture tumor features, we introduce an 
aggregation embedding that aggregates information from different input features. As depicted in Fig. 1b, in the 
final layer, we perform iterative concatenation, repeatedly concatenating the learned aggregation embedding with 
the learned representation of each patch. This approach differs from the operation in the Vision Transformer 
(ViT)41, which connects the aggregation embedding with patch features only once. This repeated concatenation 
more thoroughly represents patient imaging details, providing richer information for tumor feature extraction.

As described above, we utilize the Medical Image Transformer to simultaneously process all CT, MRI, and 
histopathology images in a patient’s study to obtain their individual representations. We further employ attention 
mechanisms to fuse these individual representations to obtain an overall representation of the given study. As 
shown in Fig. 3(b), assuming a study comprises three sets of radiographic images (i.e., views), namely CT, MRI, 
and histopathology images, we first concatenate the features of all views. Subsequently, the concatenated features 
are input to a multi-layer perceptron to compute attention values for each view. Next, we normalize these 
attention values using the softmax function, which serves as weights to generate weighted versions of individual 
representations. Finally, these weighted representations are concatenated to form a unified visual feature 
describing the entire study. The decoder of the Report Transformer is applied to the unified visual feature vk  of 
the k-th patient study to reproduce its corresponding imaging reports, denoted as ck

1:T . Here, ck
1  represents the 

sequence start token, and ck
T  represents the sequence end token. As a result, the Report Transformer generates a 

series of token-level predictions ĉk
1:T  for the k-th patient study. The prediction of the t-th token in this sequence 

depends on the predicted subsequence ĉk
1:t−1 and the visual feature vk . The network architecture of the Report 

Transformer follows the architecture of the decoder in33. We aim for the predicted token sequence (ĉk
1:T ) to be 

similar to the sequence of the original reports representing the k-th patient study (ck
1:T ). Therefore, as shown 

in Fig. 3c, we apply language modeling loss to ĉk
1:T  and ck

1:T  to maximize the log-likelihood of tokens in the 
original reports.

Scientific Reports |         (2025) 15:7185 6| https://doi.org/10.1038/s41598-025-88458-7

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


	
Lk

language =
T∑

t=2

logP
(
ck

t |ĉk
1:t−1, vk; ϕv, ϕt

)
� (4)

where ̂ck
1:t−1 is a special symbol indicating the start of the predicted sequence, ϕv  and ϕt stand for the parameters 

of the Medical Image transformer and report transformer, respectively.

Overall training objective of the model
During the model training stage, we aim to accomplish two tasks. The first task is to ensure the semantic structure 
of each modality by computing the consistency loss of anchor point allocation between the input and output 
joint embedding spaces. The second task is to enforce cross-modal representation by employing contrastive loss, 
thereby enhancing the consistency of research reports.

Loss of semantic consistency between multimodal medical images and reports To maintain the semantic 
structure of each modality, we utilize consistency loss to enforce similar anchor point allocation between the 
input and joint embedding spaces. Since the cross-modal contrastive loss in the joint embedding space attempts 
to integrate different modalities, features from specific modalities in the joint embedding space should retain 
common anchor points present in the corresponding features of other modalities. Therefore, we also apply 
cross-modal anchor consistency across all modalities, resulting in nine consistency constraints given that we are 
dealing with three input modalities.

We denote L(t, Îc, zt, ẑt) as the consistency loss between the anchor point allocation of the report in the 
input space and the corresponding CT image feature in the joint embedding space, as shown in Eq. 5.

	 L(t, Îc, zt, ẑt) = αt,Îc
g(sim(t, zt), M(sim(Îc, ẑt))) + βt,Îc

g(sim(Îc, ẑt)), M(sim(t, zt)))� (5)

In the equation, zt and ẑt represent the input and output learnable anchor point vectors for the text modality, 
respectively.g (·) and M (·) denote the binary cross-entropy-with-logits loss and the multi-assignment Sinkhorn-
Knopp (as discussed in Section “Cross-supervised learning medical image transformer”), respectively.α and β 

represent the loss coefficients, and sim(a, b) = exp
(

a·b
τ |a||b||

)
, where τ  is the temperature hyperparameter for 

similarity measurement. The overall semantic structure preservation of all modalities’ consistency loss is defined 
as:

Fig. 3.  Workflow of RFPMSS. In this figure, we outline the workflow of the RFPMSS (Radiology and 
Pathology Multi-modal Semantic Space) model: forwarding radiographs of the k-th patient study through the 
medical image transformers, fusing representations from different views using an attention mechanism, and 
leveraging the information in radiology reports through report generation and study-report representation 
consistency reinforcement. Section (b) provides an overview of the entire workflow. Section (a) illustrates 
the architecture of the medical image transformers. In Section (c), vk  and tk   represent the visual and textual 
features of the k-th patient study, respectively. ĉk

1:T  and ck
1:T   denote the token-level predictions and ground 

truth for the k-th radiology report of length T.

 

Scientific Reports |         (2025) 15:7185 7| https://doi.org/10.1038/s41598-025-88458-7

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


	

Lsspc =
∑

m∈{Ic,Im,Ip,t}

∑
n∈{Ic,Im,Ip,t}

L(m, n̂, zm, ẑm)� (6)

Contrastive loss for modality representation alignment We employ a contrastive loss42 for aligning cross-modal 
representations. Here, we denote by tk  the text feature vector of the k-th radiological examination report. In 
practice, we obtain tk by forwarding the token sequence from the k-th report (i.e.,ck

1:T ) through the BERT 
(i.e., Bidirectional Encoder Representations from Transformers) model43. BERT is built upon the encoder 
architecture presented in33 and is pretrained on a large corpus of textual data, enabling it to generate universal 
text representations for input reports. Assuming we have B patient studies in each training minibatch, as depicted 
in Fig. 3c, the contrastive loss for the k-th study can be expressed as:

	

Lk
contrast = − log ecos(vk,tk)/τ

B∑
i=1

ecos(vk,ti)/τ
� (7)

where cos (·, ·) means the cosine similarity, cos(vk, tk) = (vk)⊤tk

∥vk∥∥tk∥ , ⊤ denotes the transpose operation, 

∥·∥ stands for L2 normalization, τ  and is the temperature factor. For each patient study, we simply aggregate 
Lk

contrast and Lk
language as the overall loss. During the fine-tuning stage, we typically employ cross-entropy loss 

for model adjustments.

We further utilize contrastive loss to bring cross-modal embeddings of the same sample closer while pushing 
apart embeddings from other samples. To achieve this, we employ four pairs of single-modal constraint losses 
between (Ic, Im),(Im, Ip),(Im, t) and (Ip, t), denoted as Lnce_IcIm , Lnce_ImIp ,Lnce_Imt and Lnce_Ipt, 
respectively. Specifically, we leverage noise contrastive estimation44 and a temperature parameter κ to formulate 
these losses.

	

Lnce_xy = − log exp(xTy/κ)
N∑

i=1
exp(x(i)Ty(i)/κ)

� (8)

The overall contrastive loss for all modalities is defined as

	 Lnce = λIcIm Lnce_IcIm + λImIp Lnce_ImIp + λImtLnce_Imt + λIptLnce_Ipt� (9)

Overall Loss The overall training objective is a combination of the SSPC loss (Eq.  6 ) and the contrastive 
loss(8):Lf = λsspcLsspc + λnceLnce, where λsspc and λnce are the loss coefficients. By combining these two 
losses, the model learns a more generalized joint embedding space that preserves modality-specific semantic 
structures by enhancing the similarity of anchor point assignments before and after feature projection, and 
combines representations of different modalities using contrastive loss.

Experiments
In this section, we evaluate the effectiveness of the proposed RFPMSS network for multimodal medical 
information fusion tasks. Section “Experimental setup” presents the experimental setup, including datasets, 
evaluation metrics, and implementation details. Section “Comparison with state-of-the-art” introduces the 
quantitative and qualitative results of the multimodal medical information fusion task. In Section “Visualization 
of RFPMSS”, we visualize the joint multimodal features and semantic structures to demonstrate the semantic 
structure retention of the proposed algorithm. Finally, Section “Ablation studies” discusses and conducts an 
ablation study on several key components.

Experimental setup
Datasets We trained our model using the BraTS2021 dataset45 and the UPENN-GBM dataset46. The BraTS2021 
dataset comprises 8,160 MRI scans from 2,040 patients, each including four modalities of MR images: T1, T1Gd, 
T2, and T2-FLAIR. The annotations in BraTS2021 primarily consist of enhancing tumor (ET), peritumoral edema/
infiltrating tissue (ED), and necrotic tumor core (NCR). The UPENN-GBM dataset includes multiparametric 
MRI (mpMRI) scans of newly diagnosed glioblastoma (GBM) patients, along with patient demographics, clinical 
outcomes (e.g., overall survival, genomic information, tumor progression), and computer-assisted and manually 
corrected segmentation labels of histologically distinct tumor subregions and whole brain segmentations. To 
address the lack of data on clinical diagnostics and pathology reports, we collected and constructed a dataset 
from Shanxi Provincial People’s Hospital, Shanxi Cancer Hospital, and Shanxi Fenyang Hospital, comprising 
information from a total of 1,016 patients. This dataset (EndocrinePatientData) includes imaging data such as 
CT, MR, and pathological slices, as well as valuable imaging and pathological diagnostic reports corresponding 
to these patients.

Parameter settings In the pre-training phase, we resized each radiographic image from the source domain 
to 256 × 256 pixels, followed by random cropping to produce 224 × 224 images. Data augmentation techniques 
such as random horizontal flipping, random rotation (between -10 and 10 degrees), and random grayscaling 
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(adjusting brightness and contrast) were applied to generate enhanced images. When using random horizontal 
flipping, we accordingly adjusted the “left” and “right” terms in the accompanying radiology reports.

During the fine-tuning phase, the same data augmentation strategies were applied to all four target domain 
datasets: random cropping, random rotation, random grayscaling, and random horizontal flipping. As in the 
pre-training phase, each radiograph in the target domain was resized to 256 × 256, followed by cropping and 
augmentation to generate 224 × 224 radiographs for input images.

Following the methodologies of 12,19,20, we employed gated linear projection47 to project features into a 
common label space and mapped the generated labels into a shared embedding space. The dimensionality of 
the common label space was set to 4096, and the dimensionality of the shared embedding space was set to 6144. 
We utilized a single Transformer block with a hidden layer size of 4096, 64 heads, and an MLP size of 4096. The 
number of anchors K  was set to 64, K′ was set to 32, and the damping coefficient µ was set to 0.25.

All models were trained using the Adam optimizer48 for 15 epochs, with a learning rate of 5e-5, an exponential 
decay rate of 0.9, and a cosine similarity temperature (τ) of 0.1. During the execution of Multi-SK, we maintained 
a repository of size 5500. As per18,20, we assigned a higher weight to the loss terms involving patient reports in 
Eq. (6), setting the weight for all text report terms to 1.0, and the remaining weights to 0.1.

Comparison with state-of-the-art
Image-to-Image Tasks In Table 1, we summarize the performance of RFPMSS on four zero-shot image retrieval 
tasks using the BraTs2021 and UPENN-GBM datasets: MRI-to-CT, CT-to-MRI, pathology-to-MRI, and 
pathology-to-CT retrievals. Our method consistently outperforms state-of-the-art models, particularly excelling 
in pathology-to-imaging tasks with a 3% median rank improvement on BraTs2021. RFPMSS also surpasses 
leading self-supervised7,17,49,50 and transfer learning models, outperforming C2L50 and TransVW7 by at least 2% 
with limited labels and maintaining at least a 4% advantage as labeling increases (Table 2).

Text-to-Image Tasks For text-to-image retrieval, we unified radiological examination reports and pathological 
detection reports based on their textual content and retrieved corresponding imaging pictures (MRI and CT 
images). Our method improved the median and mean rank of the baseline20 by 3% on the BraTs2021 dataset, 
with corresponding increases in recall metrics R@5 and R@10. For image-to-examination report retrieval, our 
method performed exceptionally well on the BraTs2021 dataset, showing a 3% improvement and a 2.2% increase 
in R@5 on the UPENN-GBM dataset. Similarly, our proposed method outperformed the current state-of-the-art 
methods in most text-to-image and image-to-text retrieval metrics. In Table 3, we report the results of the text-
to-whole-image retrieval task, where our method achieved improvements of 2.2% and 2.7% in R@1 and R@5, 
respectively, over previous studies.

Figure  4 demonstrates that RFPMSS produces accurate attention regions on MRI slices, identifiable by 
applying a fixed confidence threshold, as shown by green boxes that align well with radiologist annotations (red 
boxes), with an IoU mostly above 0.5. This suggests that RFPMSS’s attention regions correspond closely with 
clinical diagnoses. Additionally, RFPMSS consistently outperforms label-supervised pretraining methods, like 
the Transformer-based LSP, particularly at lower labeling rates. For instance, using BraTs2021 and UPENN-

Method Retrieval Train Dataset Visual Model

Trainable 
BB UPENN-GBM EndocrinePatientData

t i R@5 R@10 MedR MeanR R@5 R@10 MedR MeanR

ActBERT60 t → i BraTs2021 Res3D + Faster 
R-CNN 23.4 33.1 36 - 26.7 38 19 -

SupportSet53 t → i BraTs2021 R152 + R(2 + 1)D-34 √ 23 31.1 31 - - - - -

HT100M 6 t → i BraTs2021 R152 + RX101 √ 21.2 29.6 38 - 17.3 24.8 46 -

AVL Net 12 t → i BraTs2021 R152 + RX101 √ 24.7 34.2 - - 21.1 29.6 - -

EAO20 t → i BraTs2021 R152 + RX101 √ 24.6 35.3 25 90.5 27.9 38.9 19 119.6

Ours t → i BraTs2021 R152 + RX101 √ 26.5 35.1 23.1 92.2 29.6 40.8 18.2 111.7

AVL Net 12 t → i BraTs2021 R152 + RX101 √ 27.2 35.7 25 86.5 22.8 32.9 30 142.2

EAO 20 t → i BraTs2021 R152 + RX101 √ 27.6 36.6 25 85 31.8 70.5 15 91.9

Ours t → i BraTs2021 R152 + RX101 √ 27.2 37.1 23 84.5 32 72 15 85.2

AVL Net 12 i → t BraTs2021 R152 + RX101 √ 19.2 27.4 47 - 36.1 44.3 16 -

MCN47 i → t BraTs2021 R152 + RX101 √ 25.2 33.8 - - 35.5 45.2 - -

EAO 20 i → t BraTs2021 R152 + RX101 √ 23.3 33.2 29 94.8 38.5 49.2 11 82.7

Ours i → i BraTs2021 R152 + RX101 √ 25.1 34.5 26 91.8 39.4 50.1 10 83.3

AVL Net 12 i → i BraTs2021 R152 + RX101 √ 19 26.3 44 128.1 48.8 58.4 6 67.1

EAO 20 i → i BraTs2021 R152 + RX101 √ 21.8 31.4 28.5 98.9 49 60.9 6 43.8

Ours i → i BraTs2021 R152 + RX101 √ 24 32 27 95.9 48.8 61.3 6 43.5

Table 1.  Zero-shot Retrieval Results on UPENN-GBM and EndocrinePatientData. For a fair comparison, 
the models are trained on a series of patient reports (including radiology and pathology reports) and images 
(including CT, MRI, and pathology slides). The “Retrieval” column represents the evaluated task. Bold 
and underlined values represent the highest and second-highest scores, respectively. BB = Backbone. Bold, 
represent highest scores.
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GBM datasets as the target, RFPMSS achieved approximately 2.5% improvement when fewer than 5,000 training 
images were available.

These improvements indicate that raw radiology and pathology reports contain more useful information 
than manually assisted structured tags. In other words, the advantages our method demonstrates with small-
scale target domain training data can be attributed to the rich information carried by radiology reports in the 
source domain. This additional supervision helps learn transferable radiograph representations, whereas the 
supervisory signal from structured tags carries less information. We believe this represents an important step 
towards using natural language descriptions as a direct supervisory signal for image representation learning.

Visualization of RFPMSS
To provide a clearer understanding of our method’s application and its effects, we have added Fig. 5, which 
visually illustrates the impact of our semantic structure-preserving cross-supervision method across multiple 
modalities. This figure captures the semantic structure distribution in CT scans, MRI images, pathology slides, 
and associated textual reports. Specifically, anchor assignments in part d of Fig. 5 emphasize how these modalities 
map onto shared semantic structures, revealing notable similarities in their representation of tumor features.

In more detail: Part a presents the integrated, multi-modal features after cross-supervision has aligned 
information from all modalities, showcasing how our approach effectively synthesizes image and text data to 
preserve semantic integrity across modes. Part b isolates the contributions from imaging features, focusing on 
the representation derived solely from visual data (CT and MRI scans), which helps illustrate how each modality 
alone captures unique aspects of tumor characteristics. Part c highlights features from textual reports, offering 
insight into how descriptive data from medical reports aligns with the visual data. This alignment underscores 
the model’s ability to bridge textual and visual inputs for a cohesive representation.

Together, these parts underscore our model’s capacity to maintain high consistency across different data types 
and modalities, enhancing its reliability in cross-modal tumor analysis and reinforcing its potential in clinical 
diagnostics. Figure 5 visually substantiates these findings, showing how semantic structure is not only preserved 
but also effectively aligned across different information channels, resulting in more accurate and interpretable 
representations of glioma features.

Task UG EPD BT

Separate 115.6(-0.2) 71.9(+ 0.3) 37.8(-19.6)

Joint (Ours) 115.8 71.6 57.4

Table 3.  Evaluation of separate training and joint training on three datasets. Rows with a italic represent our 
default settings.

 

UG UG UG EPD EPD EPD BT

(a) Comparison with self-supervised learning and transfer learning baselines

Method 0.8 k (1%) 8 k (10%) 80 k (100%) 0.1 k (1%) 1 k (10%) 10 k (100%) All

Ours 76.6 80.9 84.6 83 88.2 90.1 83.1

Model Genesis50 70.3 75.7 81 70.7 82.7 85.8 76

C2L51 71 76.6 82.2 75.3 83.3 85.9 77.8

Context Restoration9 67.8 73.9 78.7 67.9 82.4 83.8 74.6

TransVW7 71.2 74.3 81.7 73.6 83.8 86.2 76.1

ImageNet Pre-training51 69.8 74.4 80 69.7 82.9 84.5 74.1

p-value 8.35E-04 8.72E-04 1.94E-03 8.72E-05 4.34E-04 9.33E-04 5.88E-04

(b) Comparison with methods using human-assisted structured labels

Ours 76.6 80.8 84.8 83 88.2 90.1 82.1

LSP (Transformer)41 74.2 78.2 82.1 78.5 85.8 87.6 80.2

LSP (ConvNet) 65.8 74.5 81.9 76 85.2 87.2 80.1

DenseUN54 75.8 72.5 71.9 72.6 82.2 77.8 80

MMGan55 65.9 64.5 80.8 77 75.8 86.2 81.8

p-value 3.25E-03 2.89E-03 5.23E-03 3.56E-04 8.69E-04 1.05E-03 7.61E-03

Table 2.  (a) Comparison with self-supervised learning and transfer learning baselines. (b) Comparison 
with methods using manually assisted structured labels. UG, EPD, and BT represent the UPENN-GBM, 
EndocrinePatientData, and BraTs2021 datasets, respectively. Please note that for fairness, all baselines use 
the same transformer-based backbone as REFERS (i.e., a ViT-like architecture with recurrent connection 
operators). Each p-value is calculated between our RFPMSS and the best-performing baseline. The evaluation 
metric is the Area Under the ROC Curve (AUC). The best results are shown in bold.
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Fig. 4.  Visualization of 10 Randomly Selected Samples from the EndocrinePatientData Dataset. This figure 
presents the visualization of 10 randomly selected samples from the EndocrinePatientData dataset, after fine-
tuning with all annotated training data. For each sample, both the original image (left) and the attention map 
generated by RFPMSS are displayed. In each original image, the red boxes highlight the lesion areas annotated 
by radiologists and pathologists. In the attention maps, red indicates the attention values generated by 
RFPMSS, with deeper red representing higher confidence for specific diseases. The green boxes in the original 
images depict the predicted lesion areas, generated by applying a fixed confidence threshold to the attention 
maps.
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Ablation studies
Individual training vs. joint training
For RFPMSS, a key question is whether jointly trained RFPMSS performs better than modality-specific RFPMSS. 
To address this, we compared the performance of individually trained RFPMSS against jointly trained RFPMSS 
in Table 3. In individual training, the model only has access to its own data; in joint training, the model is trained 
on all data combined. On two image-text tasks, BraTs2021 and UPENN-GBM, the individually trained and 
jointly trained models achieved comparable results. However, on the UPENN-GBM and our own dataset, the 
individually trained image and image models performed significantly worse than the jointly trained models. 
This suggests that joint training greatly benefits data-scarce modalities (such as audio and video) by allowing 
cross-modal knowledge transfer (e.g., from reports).

Impact of loss functions
We report the results of this ablation in Table 4(a). In the first row, we report the results using reconstruction 
loss and contrastive loss, noting a 2% performance drop across all metrics when using reconstruction loss. 
This demonstrates the effectiveness of the proposed SSPC loss. In the second row, we report results without the 
proposed cross-modal SSPC loss (‘w/o CM SSPC’), which brings cross-modal representations closer in the joint 
embedding space to achieve better performance in zero-shot cross-modal tasks. Removing the cross-modal 
SSPC loss significantly reduced zero-shot retrieval performance on the MSR-VTT and YouCook2 datasets, with 
R@5 performance dropping by 2.4% and 2.5%, respectively. This empirically validates the effectiveness of the 
cross-modal SSPC loss in achieving better cross-modal representations. In the third row, we analyze the impact 
of the proposed SSPC loss (‘w/o SSPCL’) by removing the anchor consistency between modality-specific and 
joint embedding spaces. Instead, we enforce anchor assignment before Multi-SK to align with anchors optimized 
by Multi-SK from the same embedding space. We also apply cross-modal SSPC loss to isolate its impact on 
feature projection. Removing anchor consistency significantly reduced zero-shot retrieval performance (R@5 by 
about 1.5%), indicating the importance of SSPC loss in maintaining modality-specific semantic structures in the 
joint embedding space for better performance.

Fig. 5.  The visualization of semantic structure preservation. Part a shows the fully integrated features, part 
b focuses on image features, and part c highlights the features from textual reports.Part d shows the anchor 
distributions, demonstrating a high degree of similarity for tumor-related structures across modalities.
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Types of medical image transformers
We investigated the impact of replacing the medical image transformer (Table 2). Replacing the radiograph 
transformer with ResNet-10151 resulted in a roughly 7% drop in overall performance on the BraTs2021 image 
dataset. This comparison shows that the radiograph transformer is more effective at handling limited annotations, 
as validated by the results in Tables 2. Next, replacing the radiograph transformer with the original ViT 
architecture without recurrent connection operators resulted in a 3.3% drop in overall performance. This result 
validates the usefulness of recurrently connecting learned aggregated embeddings with block representations. We 
also observed a 3.8% performance difference between ResNet-based and ViT-based architectures, highlighting 
the advantages of transformer-like architectures.

Impact of the number of anchors
To analyze the impact of the number of anchors, we experimented with different numbers of anchors K  and 
selected anchors K′. We report the results in Table 4(b) and Fig. 6. Our experiments on the BraTs2021 and 
UPENN-GBM datasets showed that our proposed method’s performance improved with an increasing number 
of anchors, as expected, since more anchors provide higher representation learning capacity. We also observed 
that the method performed quite well even with very few anchors, demonstrating the overall effectiveness of our 

Fig. 6.  The impact of different numbers of anchors on experimental results.

 

Method

UPENN-
GBM EndocrinePatientData

R@5 R@10 R@5 R@10

(a) Impact of loss functions

Recon. + CL 23.1 32.4 37.8 48.7

w/o cm sspcl 22.7 31.8 36.9 48.3

w/o sspcl 23.8 33.3 37.9 48.8

Modified SK 23.4 31.3 37.9 48.3

Ours 25.1 34.5 39.4 50.1

(b) Impact of the number of anchors

K K’ R@5 R@10 R@5 R@10

16 8 23.1 32 37.1 47.5

32 16 23.2 32.1 36.1 47.6

64 16 23.3 31.8 36.7 47.2

64 48 23.7 32.1 36.7 47.7

64(Ours) 32 25.1 34.5 39.4 50.1

Table 4.  (a) Ablation study showing the impact of various components on zero-shot retrieval tasks. 
Recon. = Reconstruction Loss, CM SSPCL = Cross-Modal SSPC Loss, SK = Sinkhorn-Knopp, CL = Contrastive 
Loss. (b) The effect of different anchor point quantities on zero-shot retrieval. K → Number of anchor points 
and K′ → Number of selected anchor points.
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proposed solution. However, as we selected more anchors, the performance increased up to a point; selecting 
too many anchors (48 out of 64 in this experiment) introduced additional constraints, leading to suboptimal 
performance.

Impact of cross-supervised learning on results
First, we removed the view fusion module so that different radiographs in patient studies were associated with 
the same study-level radiological and pathological reports (row 3). This operation is counterintuitive since each 
radiograph alone cannot provide enough information to generate a study-level report. Comparing rows 3 and 
0, we found that removing the view fusion module reduced performance on the UPENN-GBM image dataset 
by nearly 2%. This result indicates that learning study-level pretrained representations is superior to image-level 
pretraining since the former contains more patient-level information. Next, replacing cross-supervised learning 
with label-supervised learning (row 4) degrades RFPMSS to LSP (Transformer) in Table 2. We found that 
abandoning both report-related tasks had a 2% adverse impact on performance. Lastly, we separately studied the 
two report-related learning tasks. Comparing row 0 with rows 5 and 6, we observed that removing either task did 
not significantly affect overall performance (around 1%). This result suggests partial overlap in the effects of the 
two tasks. Nonetheless, either task and the view fusion module still outperformed LSP (Transformer) (row 4). 
Additionally, while both tasks improved overall performance, reinforcing consistency between representations 
of each patient study and its associated reports (the second task) was more important than report generation 
(the first task). The reason could be that representations learned in the second task can be viewed as summaries 
of each report, providing more global information than token-level predictions in the first task. This advantage 
makes the second task more beneficial for learning better study-level radiograph features containing more 
study-level information.

More about RFPMSS
We performed a comprehensive ablation study on RFPMSS by selectively removing or replacing individual 
modules, as shown in Table 5

First, we assessed the impact of replacing the radiography transformer (Table 5, rows 1–2). When we substituted 
the radiography transformer with ResNet-101 (row 1), RFPMSS’s performance on the EndocrinePatientData 
image dataset dropped by approximately 7% (compared to row 0), highlighting the radiography transformer’s 
effectiveness with limited annotations. Replacing it with the base ViT architecture without cyclic connection 
operators (row 2) reduced overall performance by 3.3%, confirming that cyclically linking learned aggregate 
embeddings to patch representations aids performance. The ResNet and ViT-based architectures also showed a 
3.8% performance difference (rows 1 and 2), indicating the benefit of Transformer-like architectures.

Beyond the medical image transformer, we also examined the effect of cross-supervised learning. First, we 
removed the view fusion module so that individual radiographs in a patient study were associated with the same 
study-level radiology report (row 3). Comparing row 3 with row 0, removing this module reduced performance 
by 2%, indicating that study-level pretraining is more advantageous than image-level pretraining due to the 
added patient-level information.

Subsequently, we replaced cross-supervised learning with label-supervised learning (row 4), resulting in a 2% 
performance drop. Lastly, we analyzed the individual impact of two report-related learning tasks. Comparisons 
between row 0 and rows 5 and 6 indicated a modest 1% performance reduction when either task was removed, 
suggesting partial redundancy. However, each task, alongside the view fusion module, outperformed the LSP 
(Transformer) baseline (row 4). We also observed that the task enforcing consistency between each patient study 
and its corresponding report was more beneficial than report generation alone, likely because it captures a more 
comprehensive summary of each report, improving study-level radiographic feature learning.

Qualitative analysis
We first conducted a fine-grained visual analysis of the learned anchors. In Fig. 7, we present a detailed analysis 
of these learned anchors. For the analysis, we visualized the anchor assignments as binary distributions. 
However, during training, we used soft anchor assignments. In Fig. 7(c), we compared the anchor assignments 
of samples from similar categories. It can be seen that even though the patients’ radiographs belong to different 

Row ViT RecConcate View Fusion Taskl Task2 Tumor

0 √ √ √ √ √ 80.4

1 √ √ √ 73.3

2 √ √ √ √ 77.1

3 √ √ √ √ 78.6

4 √ √ 76.6

5 √ √ √ √ 79.1

6 √ √ √ √ 79.3

Table 5.  An ablation study on RFPMSS by selectively removing or substituting modules. In this context, 
RecConcate refers to the cyclic connection operation in the medical image transformer, while Task1 and 
Task2 denote the two tasks within cross-supervised learning. Row 1 displays results for a convolutional neural 
network, while row 4 corresponds to the LSP (Transformer) baseline.
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categories, they are visually similar, and the anchor assignments for these two examples capture this similarity. 
In Fig.  7(f), we compared the anchor assignments of images from different categories of patient modalities. 
It can be observed that the anchor assignments are significantly different from what one might expect. This 
further validates our assertion that the proposed method can assign semantically meaningful anchors without 
any explicit supervision.

Limitation
The proposed cross-supervised learning approach in this study effectively reduces noise from domain shifts 
and minimizes dependence on structured labels, improving glioblastoma diagnostic accuracy. However, some 
limitations remain. One challenge is learning or discovering semantic structure anchors in an unsupervised way. 
Currently, anchor discovery is treated as a uniform label assignment task, with equal sample distribution per 
anchor. A more adaptive approach would be to train these assignments dynamically, which could be a direction 
for future research. Further improvements could focus on leveraging attention mechanisms to better capture 
context and integrating temporal sequences with multi-view spatial data, which could enhance the model’s 
clinical applicability in early screening, prevention, and treatment of glioblastoma.

Fig. 7.  Anchor Point Assignments Demonstrating Visual Similarity in the EndocrinePatientData Dataset. This 
figure illustrates the anchor point assignments that demonstrate the visual similarity between image samples 
within the EndocrinePatientData dataset. It includes two related categories—(a) CT brain images and (b) MRI 
brain images—as well as two different categories—(d) CT brain images and (e) CT lung images. The visual 
similarity is also reflected in the anchor point assignments in (c), where most assigned anchors are similar, 
with only slight differences. This showcases the flexibility and effectiveness of our method. Conversely, samples 
(d) and (e) appear very different, which is reflected in their significantly different anchor point assignments, as 
shown in (f). Green cells represent assigned anchors, yellow cells represent unassigned anchors, and differences 
in anchor assignments are highlighted in red.
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Conclusion
We propose a novel method that preserves modality-specific semantic relationships between samples in a joint 
multi-modal embedding space while learning medical image representations from accompanying radiological 
and pathological reports. This approach reduces manual standards and improves learning efficiency. To achieve 
this, we introduce a flexible sample relationship modeling method that assigns multiple anchors to each sample, 
capturing both shared and unique aspects of the samples. To obtain these assignments, we developed a novel 
Multi-Assignment Sinkhorn-Knopp (Multi-SK) algorithm and used a proposed anchor consistency loss to learn 
these anchors. Unlike manual priors used in other networks, we derive image representations of radiological 
images from textual reports, making our method more adaptable to multi-modal content. Our qualitative 
results demonstrate that the learned anchors correspond to meaningful semantic concepts and outperform 
self-supervised learning and transfer learning on natural source images in generating more transferable 
representations. Our extensive experiments show that the proposed method improves generalization by 
surpassing state-of-the-art methods on both in-domain and out-of-domain datasets. We also demonstrate that 
our method achieves state-of-the-art performance on multiple zero-shot tasks and excels when fine-tuned on 
downstream datasets.

Data availability
Data Availability Statement: The datasets generated and/or analyzed during this study contain sensitive medical 
information and, therefore, are not publicly available. However, the data can be made available from the corre-
sponding author upon reasonable request, subject to approval from the relevant institutions.
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