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Datasets Medtrinity-25M

 Integrating LLMs into clinical 

work f l ows  cou ld  a l l ev i a te 

documentation burden, allowing 

cl inicians to focus more on 

patient care[1].

[1] Van Veen, D., Van Uden, C., Blankemeier, L. et al. Adapted large language models can outperform medical experts in clinical text summarization. Nat Med 30, 1134–1142 (2024). 

● Generative AI for clinical text summarization
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Datasets
● Generative AI for clinical diagnosis

Medtrinity-25M

[2] Van Veen, D., Van Uden, C., Blankemeier, L. et al. Adapted large language models can outperform medical experts in clinical text summarization. Nat Med 30, 1134–1142 (2024). 

 GPT-4  ach ieved  93 .8% 

expert acceptance rate when 

s u g g e s t i n g  d i f f e r e n t i a l 

diagnoses for radiological 

imaging patterns.
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Datasets
● Generative AI agent for real-world medical decision-making processes

Medtrinity-25M

[3] Kim, Yubin, et al. "Mdagents: An adaptive collaboration of llms for medical decision-making." The Thirty-eighth Annual Conference on Neural Information Processing Systems. 2024

 MDAgents ,  an  adap t i ve 

multi-agent LLM framework 

f o r  m e d i c a l  d e c i s i o n s , 

achieved best performance 

i n  a l l  k i n d s  o f  m e d i c a l 

benchmarks.
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Datasets
● Generative AI for medical foundation model

Medtrinity-25M

[4] Lin Yang, Shawn Xu, Andrew Sellergren, . et al. Advancing Multimodal Medical Capabilities of Gemini. Nat Med 30, 1134–1142 (2024). 

 Med-Gemini, a family of fine-

tuned Gemin i  mode ls  fo r 

multimodal medical tasks, can 

a n a l y z e  2 D / 3 D  m e d i c a l 

images, generate radiology 

r e p o r t s ,  a n s w e r  c l i n i c a l 

questions, and predict disease 

risks from genomic data.
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Datasets
● Generative AI agent for for doctor assistance

Medtrinity-25M

 DAX Copilot automates clinical documentation from patient conversations and assists 

clinicians with daily tasks to reduce administrative burden and burnout.
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Datasets Medtrinity-25M

迁移习

● Problem: data shortage for foundation models

[1] Villalobos, Pablo, et al. "Position: Will we run out of data? Limits of LLM scaling based on human-generated data." Forty-first International Conference on Machine Learning.

 Data will run out for large language models in the natural image field by 2028 [1].
 It will happen much faster in the medical domain.
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Datasets Medtrinity-25M

迁移习

lack of 
multigranular 

alignment

● Motivation: enhance multigranular alignment and effective scaling through synthetic 
data

existing multimodal annotation:

● lack of ROI in images

● lack of detailed description

● lack of local-global relation

Multigranular annotation:

● rich information

● multigranular attributes
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Datasets Medtrinity-25M
● Naive prompt MLLM to generate fine-grained descriptions will normally fail.

Prompt
G i v e  m e 
d e t a i l e d 
description of 
the image... 

MLLM The image is a chest-ray showing the thoracic region, 
including the lungs and heart, primarily located in the 
central to lower thoracic cavity...This X -ray is typically used 
to assess the condition of these organs, looking for signs of 
diseases such as pneumonia or other pulmonary conditions.

Undefine Disease

Short Description

Coarse 
Caption

ROI

Medical
Knowledg

e

MLLM

A chest X-ray.
Showing lungs centrally located within the 
thoracic cavity.
ROI is positioned horizontally at the left-
center and vertically at …,
Region exhibits increased opacity and 
irregular texture, indicating …
Showing a  pat tern  o f  b i la tera l  lung 
involvement typically seen in COVID-19 
cases.

Prompt
Give me detailed 
description of the image, 
based on coarse caption, 
lesion region, med-ical 
knowledge... 

Image-ROI-Description 
Triplets

● Equip MLLM with our pipeline to successfully generate fine-grained descriptions.

Ours

Naive Prompt
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Datasets Medtrinity-25M

迁移习

Coarse caption help to specify disease type

● Method
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Datasets Medtrinity-25M

迁移习

ROIs guide MLLM to

 focus on local lesion area

 access impact of ROIs on 

adjacent normal regions 

● Method
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Datasets Medtrinity-25M

迁移习

● Method

RAG retrieves external medical knowledge
● standardize medical terminalogy
● revise diagnosis  
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Datasets Medtrinity-25M

● A step-by-step pipeline for generating multigranular annotations for medical images
• RAG and metadata for data trustworthiness
• ROI for local focus
• step-by-step prompt for generating local and global multigranular annotations
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Datasets Medtrinity-25M

● Statistics Overview
• 25 million images with ROIs and multigranular text descriptions
• 10 imaging modalities
• 65 kinds of disease
• 48 kinds of anatomical structures
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Datasets Medtrinity-25M

● Main Result

● After alignment pretraining on Medtrinity-25M, our LLaVA-Tri 
achieves SOTA in all three VQA benchmarks.
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Datasets Medtrinity-25M

● Multigranular alignment pretraining on Medtrinity-25M can improve performance 
on all kinds of VLMs and CLIP-based models.

● Ablation Study
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Datasets Medtrinity-25M

● Limitation

Noise in annotation
● expert and LLM evaluation show relatively high accuracy of synthetic data 
● noise still exists particularly in complex attributes (e.g., region-wise correlations)
● large scale datasets are able to improve model despite the presence of noise
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Datasets Medtrinity-25M

● Limitation

ROI 

M
ispositioning 

Inaccurant 

Description
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data
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Datasets Medtrinity-25M

1 ROI Mispositioning 

A natural image 
of skin disease✅

A natural image
of metastatic carcinoma❌

A radiology image 
of lung cancer✅

 Leverage expert models to identify ROI for lesion localization.  

 Challenges: detecting lesions when applied to rare diseases or natural 
images with out-of-distribution objects
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Datasets Medtrinity-25M

1 ROI mispositioning 

An image of brain tumor

A correct example:

2 Inaccurant Description Modality: The image is a magnetic resonance imaging (MRI) scan of 
the brain.

Anatomical Structural: ...showing a cross-sectional view with various 
brain structures visible, such as the cerebral hemispheres.

ROI locations: The region of interest, located left-center and in the 
middle vertically, occupies approximately 3.1% of the area.

ROI description: It appears to have an abnormal texture or 
signal intensity compared to the surrounding brain tissue, 
which may indicate the presence of a disease of tumor.

Local and global relation: This abnormal area could potentially be 
affecting or be affected by adjacent brain structures due to...

 ROI description: Identify the abnormality and determine its associated disease.
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Datasets Medtrinity-25M

1 ROI mispositioning 2 Inaccurant Description Modality: The image is a transverse section of a thoracic CT scan, showing 
the lungs, heart, and part of the spine.

Anatomical Structural:  The lungs are the primary organs visible, with the 
heart centrally located between them and the spine visible posteriorly.

ROI locations: The region of interest, located in the right-center and upper-
middle of the image, occupies approximately 0.1% of the area and is 
situated in the lung tissue.

ROI description: This region exhibits an unusual appearance, potentially 
indicating a disease process, such as an abnormal texture or density 
compared to the surrounding lung parenchyma.

Local and global relation: The relationship between the content in the 
region of interest and other regions could be....An image of lung cancer

An incorrect example:

Inaccuracy: nonspecific disease 

 Lack of sufficient medical knowledge to specify of disease with accurant terminalogy.
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Datasets Medtrinity-25M

1 ROI mispositioning 

Global: The image is a magnetic resonance imaging (MRI) scan of the 
brain...

Lobal: The region of interest, located centrally and in the middle of the 
image, encompasses an area of the brain that appears to have abnormal 
tissue characteristics, possibly indicating a brain tumor. This region is 
characterized by a difference in texture and intensity compared to the 
surrounding brain t issue, which may suggest the presence of a 
pathological process

Local-global Relationship: The abnormal area could be affecting or 
be affected by adjacent brain structures due to its central location, 
potentially influencing nearby tissue either by direct invasion or 
secondary effects such as edema or mass effectAn image of brain tumor

A correct example:

3 Ambiguous Relationship

 Local-global Relationship: How local abnormal area may affect the global anatomical 

structure as the disease progresses?
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Datasets Medtrinity-25M

1 ROI mispositioning 

Global: The image is a magnetic resonance imaging (MRI) scan of the 
brain...

Lobal: The region of interest, located centrally and in the upper-middle 
area of the image shows a brain edema in the brain tissue, which could be 
indicative of a disease process given its distinct appearance compared to 
the surrounding brain matter. 

Local-global Relationship: This abnormality is likely related to the 
surrounding brain structures, potentially affecting them or being 
affected by a pathological process occurring in the brain.

3 Ambiguous Relationship

An image of brain edema

An incorrect example:

Ambiguity: too coarse to learn the effect of local abnormality

 Generative models sometimes struggle to reason about how localized abnormalities contribute 
to global disease:

 Insufficient data availability to train models on complex pathological reasoning relationships.


