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Large language models can understand unstructured free text, even medical ones, very well

0. Background

Image from Advancing medical AI with Med-Gemini24 November 2025

https://research.google/blog/advancing-medical-ai-with-med-gemini/
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Med-Gemini can cover not only medical text but also various types of medical images

0. Background

Yang et al. 2024 [2405.03162] Advancing Multimodal Medical Capabilities of Gemini24 November 2025

https://arxiv.org/abs/2405.03162
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0. History of LLM

Transformer revolutionized Natural Language Processing (NLP) with pre-training

Transformer : 2017

Attention : 2014

BERT : 2018

GPT : 2018

GPT2 : 2019

GPT3 : 2020

Decoder Encoder

RoBERTa : 2019

Model Model Size Training Corpus Size
BERT Base : 110M Large : 330 M 16GB Books and Wikipedia

RoBERTa Base : 123M Large : 353 M 160GB Web Crawl
GPT 117M 4.6GB BookCorpus
GPT2 1,500M 40GB Filtered Crawl
GPT3 175,000M 753GB Crawl, Books, Wiki

❑ A brief summary of the Transformer models
• Transformer: In 2017, Google revolutionized NLP with the transformer architecture 
using self-attention mechanisms, enabling parallel processing and improved 
performance.

• GPT (Generative Pre-trained Transformer): OpenAI released the first GPT model in 
2018, employing unsupervised learning on vast amounts of text data. 
It showed the potential of large-scale pre-training.

• BERT (Bidirectional Encoder Representations from Transformers): 
Google introduced BERT in 2018, utilizing bidirectional training 
to capture deeper contextual relationships. The 1st model to outperform humans.

• Open AI started to focus on training a larger model and referred their GPT2 as a 
large language model, and it generated text samples of unprecedented quality

Generative Tasks
Translation
Summarization

Discriminative Tasks
Sentence Classification
Token Classification (e.g. NER)
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0. History of LLM

Transformer architecture uses self-attention to capture contextual relationships between words.

Transformer [1706.03762] Attention Is All You Need (arxiv.org)
BertViz https://github.com/jessevig/bertviz 

https://arxiv.org/abs/1706.03762
https://github.com/jessevig/bertviz
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0. History of LLM

Attention is similar to “Search” function or data retrieval for the dictionary data type. 
🡺 Return Value if Query = Key

Key Value Similarity
Human Homo sapiens 0
Mouse Mus musculus 1
… … …
Round worm Caenorhabditis elegans 0
Fruit Fly Drosophila melanogaster 0

Query: Mouse



24 November 2025 7

0. History of LLM

For self-attention, attention tells us where to look through within the text based on the query word.
🡺Better contextual learning

Compositional Attention: Disentangling Search and Retrieval | Mila

Will be able to 
Differentiate

https://mila.quebec/en/article/compositional-attention-disentangling-search-and-retrieval
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0. History of LLM

Pre-training of transformer architecture quickly reached the state of the art (SOTA) performance.

Introduction to Sentence-BERT (SBERT) https://www.searchcandy.uk/nlp/sentence-bert/ 
BERN2 http://bern2.korea.ac.kr/ 

Pre-training
Unsupervised 
learning

Supervised
Finetuning

Unlabeled large (> 
million words) 
corpus of text data
(books, crawled 
data)

A small number 
(~10,000 examples) 
of labeled data for 
specific task Biomedical entity recognition

https://www.searchcandy.uk/nlp/sentence-bert/
http://bern2.korea.ac.kr/
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0. History of LLM

Large scale pre-training enabled the GPT model to show enhanced few-shot and zero-shot learning

GPT2
GPT3

$ 0.5 M $ 5 M

OpenAI did not release GPT2 model, only smaller version was released
GPT3 model was available to the public as an API

GPT2 language_models_are_unsupervised_multitask_learners.pdf (openai.com)
GPT3 [2005.14165] Language Models are Few-Shot Learners (arxiv.org)

https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/abs/2005.14165
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0. History of LLM

Few-shot learning enabled better usability of the model in real practice

Few-shot
learning

Zero-shot
learning

1 ~ 10 examples 
shown 

0 examples are 
shown

Acetaminophen – Drug
Homo sapiens – Species
Escherichia coli – ?

Gene

Gene
Escherichia coli - ?



Proprietary models
The privacy concerns with the patient data

1124 November 2025



Open-source LLMs
Llama and Phi

The privacy concerns with the patient data

24 November 2025 12



I. Background - Prompting

Context matters

Chat generated using Gemini24 November 2025 13



I. Background - Prompting

Prompting is engineering. Do it until you get it working.

Chat generated using ChatGPT24 November 2025 14



I. Background - In-context learning

When you provide some examples for the task, the performance can be enhanced.

Chat generated using ChatGPT24 November 2025 15



I. Background - Chain-of-Thought (CoT) Prompting

Rather than asking a straight answer for the question, 
if you ask step by step reasoning for the question,
the performance can be improved.

Chat generated using Gemini24 November 2025 16



I. Background - Prompting vs Instruction tuning

Google FLAN proposed this new finetuning approach: Train with diverse tasks and inference on unseen task

Wei et al., 2021. FLAN Finetuned Language Models Are Zero-Shot Learners

•Instruction Dataset : Input and Target paired instructions for many tasks

Prompting: model 
weight doesn’t get 
updated

24 November 2025 17

https://arxiv.org/abs/2109.01652


I. Background - Prompting vs Instruction tuning

FLAN: Trained with 62 Datasets for 12 tasks. 

Wei et al., 2021. FLAN Finetuned Language Models Are Zero-Shot Learners24 November 2025 18

https://arxiv.org/abs/2109.01652
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I. Background – Retrieval Augmented Generation (RAG)

RAG essentially couples information retrieval 
mechanisms with text generation models. 

1. Vector database: external knowledge base 
and vectorization

2. User query: a question or statement that 
needs to be answered

3. Retrieval component: a retriever that 
scans the vector database and get relevant 
pieces to provide additional context to LLM

4. Concatenation: adding the retrieved 
documents into prompts

5. Text generation: produce the final output 
with augmented prompts
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I. Background – Retrieval Augmented Generation (RAG)

For example
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I. Background – Retrieval Augmented Generation (RAG)

Advantage of RAG:

● Minimizes hallucinations
● Up-to-date knowledge
● Domain-specific responses
● Interpretable
● Cost effective

Disadvantage of RAG:

● Complexity on large-scale database
● Potential bias
● Handling ambiguity
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I. Background – Alignment Tuning (post-training)

Aligns the LLM to respond in the preferred way. Often done with reinforcement learning.

Amazon AWS https://aws.amazon.com/what-is/reinforcement-learning-from-human-feedback/ 

https://aws.amazon.com/what-is/reinforcement-learning-from-human-feedback/


I. Background – post-training approaches

23GPT summarised



MedQA

I. Background - LLM Benchmark in Medicine

▪5-way MCQ from US Medical License Exams
–Focused on diagnosis

Benchmarks for the comprehensive assessments of LLMs' ability

MedExQA

Jin et al., 2020 [2009.13081] MedQA
Kim et al., 2024 [2406.06331] MedExQA

▪Evaluate LLMs understanding of medical knowledge through 
explanations

–Each question paired with two explanations
–Five distinct specialties sourced from practice exams

Question Which disease is related to the thyroxine (T4) test using radioactive isotopes?
A. Pancreatitis B. Hepatitis C. Hyperparathyroidism D. Hyperthyroidism

Expected Response: D and Model’s Explanation...

Explanation A The radioactive isotope-basedthyroxine (T4) test is utilized to evaluate theactivity of 
the thyroid gland by measuring thelevels of T4 hormone it secretes. An 
overactivethyroid, or hyperthyroidism, is characterizedby the excessive production of 
thyroid hor-mones such as T4. Thus, this test is especiallypertinent for the diagnosis 
and management ofhyperthyroidism.

Explanation B The thyroxine (T4) test usingradioactive isotopes is a diagnostic tool usedto assess 
thyroid function. Thyroxine is a hor-mone produced by the thyroid gland, and itslevels 
can be indicative of thyroid health. Hy-perthyroidism is a condition where the 
thyroidgland is overactive and produces excessiveamounts of thyroid hormones, 
including T4.Therefore, the test is particularly relevant fordiagnosing and monitoring 
hyperthyroidism.

24 November 2025 24

https://arxiv.org/abs/2009.13081
https://arxiv.org/abs/2406.06331


Meta’s Llama models has been leading open-source LLMs

I. Background - Llama

OPT : 2022.05
Size : 175B

Open Source GPT

Science Model

Galactica : 2022.11
Size : 120B

Efficient Model

Llama-1 : 2023.02
Size : 7B, 13B, 33B, 65B

Llama- quickly became the favorites

Llama-2 : 2023.07
Size : 7B, 13B, 70B

Llama-3 : 2024.04
Size : 8B, 70B

Llama-2 comaparable to ChatGPT

Model Size Release Date Pre-train 
Data Size MedQA 0-shot MedExQA 0-Shot

GPT-3.5 N/A 2022.11. N/A 50.8 66.7
GPT-4 N/A 2023.03. N/A 78.9 81.4

Llama-2 70B 2023.07. 2T Tokens 51.0 70.7
Llama-2 7B 2023.07. 2T Tokens 27.6 41.7
Llama-3 70B 2024.04. 15T Tokens N/A N/A
Llama-3 8B 2024.04. 15T Tokens 52.5 73.9

LLaMA 4 (Scout) 17B active / 
109B total Apr-25 distilled from 

Behemoth 74.3% TBD

LLaMA 4 (Maverick) 17B active / 
400B total Apr-25 distilled from 

Behemoth 80.5% TBD

Llama 4 (Behemoth) 288B active /
2T total 82.2% TBD

Freely available to research community as well as for commercial use.
Llama-3 8B outperformed GPT-3.5

Meta Llama 3 https://llama.meta.com/llama3/ 
Kim et al., 2024 [2406.06331] MedExQA

24 November 2025 25

Llama-4 : 2025.04
Size : 109B-2T(still training)

Llama 4 https://www.llama.com/models/llama-4/

Native Multimodal / Multilingual / Reasoning

https://llama.meta.com/llama3/
https://arxiv.org/abs/2406.06331
https://llama.meta.com/llama3/


Microsoft’s Phi models claimed the era of Small Language Model (SLM)

I. Background - Phi

Invested $1B in OpenAI : 2019.07
Exclusive Right for OpenAI’s model

Turing-NLG : 2020.02
Size : 16B

Collaboration with NVIDIA

Megatron-Turing NLG: 2022.02
Size : 530B

Phi-1 and 1.5: 2023.06, 2023.09
Size :1.3B

Phi-2 : 2023.12
Size : 2.8B

Slightly larger model

Model Size Release Date Pre-train 
Data Size MedQA 0-shot MedExQA 0-Shot

GPT-3.5 N/A 2022.11. N/A 50.8 66.7
GPT-4 N/A 2023.03. N/A 78.9 81.4

Llama-2 70B 2023.07. 2T Tokens 51.0 70.7
Llama-2 7B 2023.07. 2T Tokens 27.6 41.7
Llama-3 70B 2024.04. 15T Tokens N/A N/A
Llama-3 8B 2024.04. 15T Tokens 52.5 73.9

Phi-2 2.8B 2023.12. 1.4T Tokens 30.9 53.4
MedPhi-2 (Our Own) 2.8B 2024.02. 110M Tokens 34.3 56.1

Phi-3 14B 2024.05. 4.8T Tokens 64.2 77.2
KnowMedPhi-3 (Our Own) 14B 2024.07. 126M Tokens 67.2 77.9

Phi-3 3.8B 2024.04. 3.3T Tokens 52.2 72.3
KnowMedPhi-3 (Our Own) 3.8B 2024.07. 126M Tokens 50.6 75.0

Phi-4 14B 2024.12 - - -

Phi-3 - Used synthetic textbooks and high-quality web data to train a model with similar structure as Llama-2
MedPhi-2 – Comparable performance to GPT-3.5 in human evaluation of MedExQA
KnowMedPhi-3 – Our latest model (currently under development)

Trained their own model

Invested $10B (2023.01)
NewBing using GPT4 2023.02
Switched to SLM

Phi-3 : 2024.04
Size : 3.8B, 7B, 14B

larger model

No paper is available for Phi2

Phi1 was for coding

Abdin et al., 2024 [2404.14219] Phi-3 Technical Report
Kim et al., 2024 [2406.06331] MedExQA

24 November 2025
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Phi-4 : 2024.12, 
Size : 14B
reasoning/multimod
al models in 2025

https://arxiv.org/abs/2404.14219
https://arxiv.org/abs/2406.06331


Qwen
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Model Size Release Date Pre-train 

Data Size

MedQA 

(official)

MedQA 

(community)

Qwen-1.0 8B-72B Apr 2023 ~2.2T tokens Not published None

Qwen-1.5 

(7B/14B/72B)

0.5B–110B Dec 2023 ~3T tokens 72B: 48.9% ~50–55%

Qwen-2.0 

(7B/57B/72B)

0.5B–72B Jun 2024 ~7T tokens Not published ~60–65%

Qwen-2.0 

Coder

0.5B–32B Jun 2024 ~7T tokens Not published ~45–55%

Qwen-2.5 

(0.5B–72B)

0.5B–72B Nov 2024 9–15T 

tokens

Not published 

(medical exam 

only)

~68–72%

Qwen3-235B-A

22B (MoE)

235 Billion 

(22B active)

April 2025 Up to 36 

Trillion

https://huggingface.co/collections/Qwen/qwen

https://chat.qwen.ai/ 

https://chat.qwen.ai/


Benchmark - HELM

28https://crfm.stanford.edu/helm/

Holistic Evaluation of 
Large Language Models 
for Medical Tasks

MedHELM comprises a 
structured taxonomy with 

- 5 categories, 
- 22 subcategories
- 121 distinct clinical tasks
- 35 distinct benchmarks 

(14 private, 7 
gated-access, and 14 
public)



Benchmark - opencompass

29https://opencompass.org.cn/home

led by Shanghai Artificial Intelligence Laboratory
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Motivation: the need for error detection in radiology

Prob 2: Inconsistent 
impression with findings

31

Wu, Jinge, Zhaolong Wu, Abul Hasan, Yunsoo Kim, Jason PY Cheung, Teng Zhang, and Honghan Wu. "Harnessing Knowledge 
Retrieval with Large Language Models for Clinical Report Error Correction." arXiv preprint arXiv:2406.15045 (2024).
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Knowledge Graph
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A W3C’s vision – Semantic Web

The term “Semantic Web” refers to 
W3C’s vision of the Web of linked data. 

The ultimate goal of the Web of data is to 
enable computers to do more useful work 
and to develop systems that can support 
trusted interactions over the network. 



Knowledge Representation at the core of Semantic Web

35

● Ontology: Describe the concepts and 
their relationships in a particular 
domain

● Computation: reasoning (set / rule)

Semantic Web Technology Stack

Heart 
Attack

Heart 
Diseases

subClassOf



Knowledge Graph - a simple example

Heart 
Attack

Heart 
Diseases

rdfs:subClassOf

Tom Smith

suffersFrom

Tom
firstName

1987-01-02
dateOfBirth

T-box
A

-box

Diseases
rdfs:subClassOf

Patient
suffersFrom

rdfs:domain

rdfs:range
rdfs:Property

rdf:type

rdf:type

suffersFrom

36



How can it help? - an example using semantic query
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T-B
ox

Q1: Any patients on mood stabilizer?
Q2: Any possible cardiovascular side effects 

of mood stabilizers?

Queries:

A1 - 13965000       subClassOf       358927005

brc001

13965000

hasPrescription

Valproic acid
preferredName

doc0123
hasDocument

HP_000165
8

mentions

Myocardial 
infarction

preferredName

(Valproic acid) (Mood stabilizing drug)

A3 - C0027051          subClassOf           C0018799

A2 - HP_0001658    equivalentClass    UMLS:C0027051 
(Myocardial infarction) (Myocardial infarction)

SNOMED CT

(Myocardial infarction) (Heart diseases)

NCBO

UMLS

C0018799

subClassOf

358927005

subClassOf

A
-B
ox



Beyond subClass inference...
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ribavirin

rdf:type

Patient 001 Hep C
treats

hasCondition

Rule1: if someone is on a DRUG that TREATS a condition, then he/she 
probably has that condition

DRUG DISEASE

on

rdf:type



Beyond subClass inference...
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Rule2: if someone has a STROKE and also BLOCKED BRAIN BLOOD 
VESSEL, then the stroke is probably ischemic

Patient 001 stroke
has

Blocked brain 
blood vessel 

has

ischemic 
stroke

has



Linked Open Vocabularies

https://lov.linkeddata.es/dataset/lov

Open and 
linked T-Box

40



BioPortal

Biomedica
l T-Boxes

https://bioportal.bioontology.org
/

41

(as of Oct 2024)



Open A-Boxes

The cloud currently 
contains 1346 datasets 
(as of Sep 2024)
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“Error Correction in Radiology Reports: A 
Knowledge Distillation-Based Multi-Stage 

Framework”

Jinge Wu, Zhaolong Wu, Ruizhe Li, Tong Chen, Abul Hasan, 
Yunsoo Kim, Jason P.Y. Cheung, Teng Zhang, Honghan Wu

Accepted by AAAI 2025 Artificial Intelligence for Social Impact Track.

43Zhaolong WuJinge Wu



The knowledge graph from radiology report

Jain, Saahil, et al. "Radgraph: Extracting clinical entities and relations from radiology 
reports." arXiv preprint arXiv:2106.14463 (2021).
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RadGraph2: Modeling 
Disease Progression in 
Radiology Reports via 
Hierarchical Information 
Extraction.
Sameer Khanna, et al.
 
Proceedings of the 8th Machine 
Learning for Healthcare Conference, 
PMLR 219:381-402, 2023.
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Results - KG retrieval vs baseline

48
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Integrating LLMs and Knowledge Graphs for EHRs
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Session 3

• S3.I – Introduction to EHRs, the challenges, (briefly) LLMs and KGs

• S3.II - Current research on LLMs and Knowledge Graphs in EHRs

• S3.III - Current research on LLMs in EHRs

• S3. IV - Current research on KGs in EHRs

• S3. V - Current research on LLMs and KGs in EHRs

Session 4

• S4.I – Overview on Multimodal Clinical and Genomic Data through Knowledge Graphs and 
LLMs

• S4.II – LLMs for Precision Medicine

• S4.III – MLLMs for Precision Medicine

Overview

51
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• EHRs are really the narrative backbone of modern 
healthcare. They have long timelines, repeated 
encounters, cumulative detail

• They blend structured fields with free text

• The text carries a lot – nuance, uncertainty, 
reasoning, symptoms, progression thoughts etc

• The structured data carries quantitative values: lab 
values, codes, medications

• Together, they form a rich but unruly canvas — 
perfect for models that understand language and 
concepts

S3.I Introduction to EHRs - what ARE EHRs?

Figure adapted from Singhal, P., et al. "Opportunities and 
challenges for biomarker discovery using electronic health record 
data." Trends in molecular medicine 29.9 (2023): 765-776.
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S3.I Introduction to EHRs - Challenges

• Data is scattered across systems, formats 
and more 

• Key clinical meaning often sits in text, but 
downstream models expect structured 
patterns

• Temporal gaps, inconsistent coding and 
sparse documentation limit purely 
statistical approaches

• So, what’s the heart of the problem: 
clinical knowledge is implicit, distributed, 
and rarely codified in the EHR itself

DIAGNOSIS 
CODES LAB 

RESULTS
MEDICATI

ONS
TEXT 

NOTESVITAL 
SIGNSIMAGI

NGPROCEDU
RES



54

S3.I Introduction to EHRs - Enter LLMs

• LLMs can process clinical text

• They can extract entities, 
summarise narratives, interpret 
reasoning and anticipate clinical 
needs

• Unlike classical NLP models, LLMs 
capture patterns of clinical thought 
embedded in notes

• LLMs provide a linguistic analysis 
of free-text EHR, but they still lack 
explicit medical grounding

Figure adapted from Li, Lingyao, et al. "A scoping review of using large language models (LLMs) to investigate 
electronic health records (EHRs)." arXiv preprint arXiv:2405.03066 (2024).
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S3.I Introduction to EHRs - Scaffolding via KG

• Knowledge Graphs can have the structure of biology: diseases linked to genes, drugs, 
pathways, phenotypes

• Each node is a biomedical concept; each edge captures how those concepts interact 
biologically or clinically

• The structure can be built from curated sources like UMLS, SNOMED, DrugBank, GO 
and pathway databases etc

• Unlike LLMs, KGs are explicit, factual, mechanistic and traceable

• This explicit structure anchors models in verified biomedical knowledge

• They fix the grounding problem: LLMs hallucinate; KGs don’t
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S3.II - Current research on LLMs and Knowledge Graphs in EHRs

• Clinical AI research is shifting from isolated models to systems that understand 
relationships, context and clinical reasoning

• LLMs bring strengths in interpreting narrative EHR text, capturing clinician intent and 
extracting complex clinical signals

• Knowledge graphs provide structured biomedical knowledge, linking diseases, genes, 
drugs, pathways and clinical concepts

• Combining LLMs with KGs is emerging as a powerful option: language understanding 
grounded by mechanistic, factual knowledge

• This integration pushes research toward more interpretable, reliable and biologically 
informed models of patient state
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S3.III - Current research on LLMs in EHRs

Information Extraction (IE)

• Information extraction converts free text in 
EHRs into structured facts such as relations, 
events, and phenotypes.

• Most systems finetune BERT variants including 
ClinicalBERT, CancerBERT, and NeighBERT, 
while larger models such as GPT-5, LLaMA etc 
are used in zero or few shot settings.

• ClinicalBERT achieves an F1 of about 0.78 for 
adverse drug event extraction, and domain 
specific BERT models consistently outperform 
traditional machine learning baselines across 
relation and phenotype extraction tasks.

Li, Lingyao, et al. "A scoping review of using large language models (LLMs) to investigate electronic health 
records (EHRs)." arXiv preprint arXiv:2405.03066 (2024).
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S3.III - Current research on LLMs in EHRs

Dialogue Systems
• Dialogue systems use LLMs to support patient 

messaging, question answering, and clinical 
communication, moving from simple keyword 
matching to fully conversational agents.

• Decoder only models such as GPT 4 dominate, 
generating draft replies, answering patient 
queries, and producing context aware clinical 
clarifications.

• These systems show strong reliability: GPT 
based responses reach a mean weighted F1 of 
about 0.61 against physician labels, and 
automated message drafting reduces clinician 
workload even with roughly 20 percent adoption.

Li, Lingyao, et al. "A scoping review of using large language models (LLMs) to investigate electronic health 
records (EHRs)." arXiv preprint arXiv:2405.03066 (2024).



59

S3.III - Current research on LLMs in EHRs

Diagnosis and Prediction
• LLMs are now used to predict diagnoses, risks, and 

future clinical events from EHR data, building on 
earlier work in clinical risk modelling.

• Studies test zero shot and few shot prompting with 
models such as GPT 4 and GPT 3.5, longitudinal 
prediction using sequential EHR histories, and 
multimodal fusion that combines structured fields 
with clinical text.

• GPT 4 exceeds traditional machine learning 
baselines for zero shot in hospital mortality 
prediction, few shot prompting boosts ICU 
admission and mortality forecasts, and longitudinal 
LLMs outperform RNNs, LSTMs, and gradient 
boosted trees across disease onset and prognosis 
tasks.

Li, Lingyao, et al. "A scoping review of using large language models (LLMs) to investigate electronic health 
records (EHRs)." arXiv preprint arXiv:2405.03066 (2024).
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S3.IV - Current research on KGs in EHRs

Medication Recommendation
• EMR based medication recommenders struggle 

because they lack explicit facts such as 
drug–drug interactions, making safe personalised 
prescribing difficult.

• SMR builds a heterogeneous graph from MIMIC 
III, DrugBank, and ICD-9, learns patient, disease, 
and medication embeddings, and recommends 
drugs via link prediction that accounts for 
interaction risk.

• SMR outperforms rule based and multi label 
baselines in accuracy (0.6113 vs 0.5582) and 
achieves the lowest drug–drug interaction rate 
(0.17 percent).

Gong, Fan, et al. "SMR: medical knowledge graph embedding for safe medicine recommendation." Big Data 
Research 23 (2021): 100174.
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S3.IV - Current research on KGs in EHRs

Disease Diagnosis
• Early diagnosis of MND is difficult because 

guideline-based phenotypes such as the MNDA 
Red Flag List miss important predictors and have 
never been tested at population scale using 
national EHRs

• The study compared four phenotype sources — 
MNDA guidelines, knowledge graph derived 
phenotypes, GPT-4 generated phenotypes, and 
real-world data phenotypes — evaluated with 
models including logistic regression, SVMs, 
random forests, and LSTMs

• Real-world data phenotypes achieved the highest 
discrimination (AUROC 0.776), and the combined 
MNDA + KG + RWD ensemble reached the best 
overall performance (F1 0.557), outperforming 
MNDA guidelines alone (AUROC 0.703; F1 
0.435).

Abdulle, Y., Wu, J., Budhdeo, S., Kim, Y., Shen, J., Sun, E., ... & Wu, H. (2025). Characteristics and Early 
Diagnosis of Motor Neuron Disease (MND) in 67 million individuals in England: a comparative study on 
phenotyping models derived by AI, Knowledge Graphs and the MND Association. medRxiv, 2025-07.
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S3.IV - Current research on KGs in EHRs

Question/Answering
• EHR QA is challenging because clinical data sit 

in complex relational schemas that require 
many SQL joins, making natural language to 
SQL translation brittle and poorly aligned with 
how clinical facts are stored.

• This work converts MIMIC III tables into a 
knowledge graph, builds NLQ to SPARQL 
datasets, and compares Seq2Seq models and 
the TREQS architecture on graph based versus 
SQL based query generation.

• Graph based SPARQL queries yield higher 
structural and logical form accuracy, with 
TREQS improving relation prediction by up to 
5.1 percent and answer correctness by 3.6 
percent, especially on complex multi join 
questions.

Park, Junwoo, et al. "Knowledge graph-based question answering with electronic health records." Machine 
Learning for Healthcare Conference. PMLR, 2021.
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S3.V - Current research on KGs and LLMs in EHRs

DR-KNOWs
• LLMs can draft diagnoses from progress notes, but 

they often hallucinate or miss key clinical facts 
because the underlying diagnostic reasoning is not 
explicit in EHR text.

• DR.KNOWS retrieves patient specific diagnostic 
paths from a UMLS based knowledge graph and 
injects these ranked paths into prompts for models 
such as GPT 3.5.

• This improves concept extraction over QuickUMLS 
and significantly boosts diagnostic accuracy, with T5 
plus knowledge paths achieving the best ROUGE L 
and CUI scores and human reviewers confirming 
clearer, more clinically correct reasoning.

Gao Y, Li R, Croxford E, Caskey J, Patterson B, Churpek M, Miller T, Dligach D, Afshar M
Leveraging Medical Knowledge Graphs Into Large Language Models for Diagnosis Prediction: Design and 
Application Study
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S3.V - Current research on KGs and LLMs in EHRs
medIKAL
• The method addresses diagnostic complexity in 

noisy, redundant EHRs by pairing a large language 
model with a structured medical knowledge graph.

• It summarises EHR text with an LLM, weights 
extracted entities to guide knowledge graph retrieval, 
fuses LLM and KG signals through a ResNet like 
integration step, and reranks candidate diagnoses 
using shortest path correlations before producing a 
structured diagnostic output.

• Across multiple Chinese EHR datasets, it surpasses 
LLM only, KG augmented, and KG reasoning 
baselines, yielding higher diagnostic precision, 
recall, and overall stability.

Jia, Mingyi, et al. "medikal: Integrating knowledge graphs as assistants of llms for enhanced clinical diagnosis 
on emrs." Proceedings of the 31st International Conference on Computational Linguistics. 2025.
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S3.V - Current research on KGs and LLMs in EHRs

KGDNet
• Medication recommendation is difficult because 

models must use longitudinal EHR histories while also 
avoiding harmful drug–drug interactions, a balance 
many existing systems fail to achieve.

• KGDNet builds clinical and medication knowledge 
graphs, learns graph embeddings, models temporal 
history with GRUs, and fuses both streams before 
generating recommendations with multi-head 
attention.

• On MIMIC-IV, it outperforms all baselines in PR-AUC, 
F1, and Jaccard, while reducing DDI rates, providing 
more accurate and safer recommendations.

Mishra, R., Shridevi, S. Knowledge graph driven medicine recommendation system using graph neural 
networks on longitudinal medical records. Sci Rep 14, 25449 (2024). 
https://doi.org/10.1038/s41598-024-75784-5



Unifying Multimodal Clinical and Genomic Data through 
Knowledge Graphs and LLMs
Yusuf Abdulle
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24 November 2025
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S4.I - Unifying Multimodal Clinical and Genomic Data through Knowledge Graphs and LLMs

• Modern healthcare data spans multiple modalities, including clinical text, structured EHR 
fields, imaging, laboratory values, and genomic profiles.

• Each modality captures a distinct layer of disease biology, but these data streams are 
often fragmented, sparse, and difficult to integrate.

• Knowledge graphs provide a unifying semantic framework by connecting molecular, 
phenotypic, and clinical concepts through explicit, interpretable relationships.

• Large language models offer a flexible reasoning layer capable of fusing diverse signals 
and generating clinically meaningful insights.

• Together, knowledge graphs and LLMs support holistic patient understanding, enabling 
more mechanistic, personalised, and context rich precision medicine.
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S4.II – LLMs for Precision Medicine

Drug Discovery
• Drug discovery spans chemistry, protein 

biology, omics, and clinical phenotypes, 
making single modality models insufficient for 
capturing cross domain therapeutic 
mechanisms.

• LLMs fuse SMILES and 3D structures, ESM 
protein embeddings, transcriptomic 
perturbation signatures, and knowledge graph 
drug–disease pathways through joint encoders 
and cross attention.

• They improve binding and target prediction, 
recover drug–disease links, and simulate gene 
and drug perturbations with greater 
mechanistic clarity than earlier methods.

Xia Sheng, Xiaoya Zhang, Yuxin Xing, Yuqi Shi, Chuanlong Zeng, Xiaochu Tong, Mingyue Zheng, Xutong Li,
Omics-based large language models: A new engine for drug discovery innovation, Acta Pharmaceutica Sinica 
B 2025
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S4.II – LLMs for Precision Medicine

Bioinformatics
• Bioinformatics data in genomics, transcriptomics, and 

proteomics are high dimensional, sparse, and 
heterogeneous, and older deep learning models often 
miss long range and cross modal biological structure.

• Transformer models are now adapted to biological 
sequences and multimodal omics, including 
DNABERT for DNA, RNA-FM and GeneRNA for RNA, 
ESM-2 for proteins, and multimodal systems such as 
AlphaGenome and ProLLM.

• These models outperform prior methods across 
promoter prediction, RNA structure modelling, protein 
interaction reasoning, and variant effect prediction, 
while offering stronger cross species generalisation 
and more interpretable biological insights.

Xia Sheng, Xiaoya Zhang, Yuxin Xing, Yuqi Shi, Chuanlong Zeng, Xiaochu Tong, Mingyue Zheng, Xutong Li,
Omics-based large language models: A new engine for drug discovery innovation, Acta Pharmaceutica Sinica 
B 2025
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S4.III – Multimodal LLMs for Precision Medicine

MultiCNKG
• The study unifies cognitive neuroscience, gene ontology, and disease ontology to 

overcome semantic gaps that limit reasoning and precision medicine.

• It uses LLM based entity normalisation, embedding similarity, relation unification, 
and iterative graph expansion to merge these sources into one multimodal 
knowledge graph.

• The resulting MultiCNKG (6.9 thousand nodes, 11.3 thousand edges) shows high 
expert rated precision and recall, improves link prediction over each source graph, 
and provides richer cross domain context for tasks such as variant interpretation and 
disease mechanism inference.

Sarabadani, Ali, and Kheirolah Rahsepar Fard. "MultiCNKG: Integrating Cognitive Neuroscience, Gene, and 
Disease Knowledge Graphs Using Large Language Models." arXiv preprint arXiv:2510.06742 (2025).



71

S4.III – Multimodal LLMs for Precision Medicine

HEAL KGGen
• HEAL KGGen improves biomarker-based diagnosis by 

pairing a hierarchical multi-agent LLM system with an 
automatically constructed biomedical knowledge 
graph.

• Specialist agents handle genomics, transcriptomics, 
proteomics, and clinical queries, while a dynamic KG 
built from UMLS, MeSH, and SNOMED CT provides 
structured, context rich prompts.

• KGGen sharply boosts accuracy and reduces 
hallucinations across models, with Claude 3.5 Sonnet 
rising from 42.5 percent to 86.25 percent and similar 
gains for GPT-4, Gemini 1.5 Pro, and LLaMA 3.1.

Zuo, Kaiwen, et al. "HEAL-KGGen: A Hierarchical Multi-Agent LLM Framework with Knowledge Graph 
Enhancement for Genetic Biomarker-Based Medical Diagnosis." bioRxiv (2025): 2025-06.
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S4.III – Multimodal LLMs for Precision Medicine

Foundation Model for Biomedical Graphs
• Most biomedical LLMs handle text, images, or 

sequences but miss the structural information 
encoded in protein graphs, molecular graphs, and 
clinical knowledge graphs.

• The work introduces a multimodal foundation model 
that pairs a biomedical LLM with encoders for images, 
biological sequences, and a new graph transformer, 
all aligned through lightweight adapters in an LlaVA 
style framework.

• Early results show that continued pretraining on 
MedlinePlus boosts medical MCQ performance for 
smaller models, supporting the feasibility of the 
approach for tasks such as target identification and 
drug repurposing.

[Foundation Model for Biomedical Graphs: Integrating Knowledge Graphs and Protein Structures to Large 
Language Models](https://aclanthology.org/2024.acl-srw.58/) (Kim, ACL 2024)



Thank you

See you at 13:15PM after the lunch break.



Expanding Large Language Models to Vision: 
Multimodal LLMs
Yunsoo Kim
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V. Expanding Large Language Models to Vision: LVLMs

24 November 2025 OpenAI, 2023 GPT-4 Technical Report
Wu et al., 2023 Can GPT-4V(ision) Serve Medical Applications?

GPT-4V opened the era of LVLMs in 2023

75

https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2310.09909


One of the first open-source LVLMs. Visual Instruction Tuning with text-only GPT-4.

Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.org)

LLaVA - Large Language and Vision Assistant

V. Expanding Large Language Models to Vision: LLaVA

158K visual instruction data

Symbolic representation as text-only GPT-4 cannot understand the visual content.

24 November 2025 76

https://arxiv.org/abs/2304.08485


Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.org)

LLaVA - Model Architecture

V. Expanding Large Language Models to Vision: LLaVA

Vicuna v0

Pre-trained CLIP ViT-L/14 224px

Simple linear projection matrix

24 November 2025 77

https://arxiv.org/abs/2304.08485


Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.org)

LLaVA - Two staged training

V. Expanding Large Language Models to Vision: LLaVA

1. Pre-Training for Feature Alignment : Only the projection matrix is updated

Single-turn conversation

Randomly selected
Q: “Provide a brief description of 
the given image.”

Ground Truth Answer is the captions

24 November 2025 78

https://arxiv.org/abs/2304.08485


Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.org)

LLaVA - Two staged training

V. Expanding Large Language Models to Vision: LLaVA

2. Fine-tuning with the generated instruction tuning dataset: Projection Matrix and LLM updated

24 November 2025 79

https://arxiv.org/abs/2304.08485


Remarkable performance

OpenAI, 2023 GPT-4 Technical Report
Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.org)

LLaVA - Large Language and Vision Assistant

V. Expanding Large Language Models to Vision: LLaVA

24 November 2025 80

https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2304.08485


LLaVA-Family Models

V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA : 2023.04
Open Source GPT-4V like model

General Medical Model

LLaVA-Med : 2023.06
Trained with PMC-Captions 
w/ GPT4

Projection Matrix → MLP
LLaVA-1.5 : 2023.10
Larger training data

AnyRes:Dynamic Higher resolution

LLaVA-NeXT : 2024.01
Larger backbone LLM

LLaVA-OneVision : 2024.08
Video, Multiple Images

LLaVA-OneVision: Easy Visual Task Transfer (llava-vl.github.io)

LLaVA-Rad : 2024.03
Trained with CXR images 
w/ GPT4

Radiology Model: 
but model is not 
released and technical 
details are not disclosed

24 November 2025 81

https://llava-vl.github.io/blog/2024-08-05-llava-onevision/


LLaVA-1.5: Linear projection Matrix → Connector MLP
More train data : academic task-oriented data

V. Expanding Large Language Models to Vision: LLaVA-Family Models

Liu et al. 2023.  Improved Baselines with Visual Instruction Tuning24 November 2025 82

Vicuna v0

CLIP ViT-L/14 224px

matrix

https://arxiv.org/abs/2310.03744


LLaVA-NeXT (also called LLaVA-1.6): Increased resolution with AnyRes

V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-NeXT: Improved reasoning, OCR, and world knowledge | LLaVA (llava-vl.github.io)

Other backbone LLMs: Mistral-7B and Yi-34B other than Vicuna

24 November 2025 83

https://llava-vl.github.io/blog/2024-01-30-llava-next/


LLaVA-NeXT (Video) – Used AnyRes to get multi-frame

V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-NeXT: Improved reasoning, OCR, and world knowledge | LLaVA (llava-vl.github.io)24 November 2025 84

https://llava-vl.github.io/blog/2024-04-30-llava-next-video/


LLaVA-NeXT (Video) - Direct Policy Optimization Improves Hugely for Video LVLMs

V. Expanding Large Language Models to Vision: LLaVA-Family Models

Zhang, et al., 2024 Direct Preference Optimization of Video Large Multimodal Models from Language Model Reward24 November 2025 85

https://arxiv.org/abs/2404.01258


LLaVA-NeXT (Ablation) - Scaling model size effective with LLMs, but not with vision encoders

V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-NeXT: What Else Influences Visual Instruction Tuning Beyond Data? (llava-vl.github.io)24 November 2025 86

https://llava-vl.github.io/blog/2024-05-25-llava-next-ablations/


LLaVA-NeXT (Ablation) - New stage called HQ Knowledge Learning. Recaptioned the training dataset.

V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-NeXT: What Else Influences Visual Instruction Tuning Beyond Data? (llava-vl.github.io)24 November 2025 87

https://llava-vl.github.io/blog/2024-05-25-llava-next-ablations/


LLaVA-OneVision: Improved vision encoder and backbone LLM supporting single, multi images and video

V. Expanding Large Language Models to Vision: LLaVA-Family Models

Li et al., 2024 LLaVA-OneVision: Easy Visual Task Transfer (arxiv.org)

Combined all findings from LLaVA-NeXT (3 stage training, Higher AnyRes, etc)

24 November 2025 88

https://arxiv.org/abs/2408.03326


LLaVA-Med First LVLMs in Medicine based on LLaVA

V. Expanding Large Language Models to Vision: LLaVA-Med

Li et al., 2023 LLaVA-Med NIPS202324 November 2025 89

The same approach: 
1. LLM - Vicuna, Vision Encoder - CLIP ViT-L 224px
2. Linear Projection Matrix for connector
3. 2 staged training
4. Instruction following dataset generated from PMC 

Figure and Captions using GPT4

Limitation : Only Evaluated with VQA

Recently,
LLaVA-Med v1.5 released based on Mistral 7B

https://arxiv.org/abs/2306.00890


Multimodal LLMs for Radiology

Jinge Wu

Institute of Health Informatics, University College London

24 November 2025



Data Construction



I. Data for Radiology Multimodal LLMs Training

{Radiology Images} + {Textual Prompt} = {Textual Answer}

Can you generate 
a report from the 
X-ray images?

+

Input Output



I. Data for Radiology Multimodal LLMs Training

Text:

• Diverse task requirements (diagnosis, report 

generation, question-answering, treatment …)

• Context-involved (other examination records, 

chief complaint, history of present illness … )

Image:

• Diverse modalities (X-ray, CT, MR …)

• Across body systems (brain, chest … )

• Different planes (axial, coronal, sagittal)

• 2D or 3D in different format:

• DICOM/ NIfTI (common in 3D scans) 

• PNG/JPEG (often serve as 2D slices)

• One or multiple



I. Where to access data

[1] Johnson, Alistair EW, et al. "MIMIC-CXR, a de-identified publicly available database of chest radiographs with free-text reports." Scientific data 6.1 (2019): 317.

MIMIC-CXR:
• Volume: 377,110 images; 227,835 studies; 

65,379 distinct patients (2011–2016)
• Paired Data: Each study consists of the X-ray 

image linked to its corresponding free-text 
radiology report (Findings & Impression).

• 14 common pathologies (e.g., Pneumonia, 
Cardiomegaly)

• Integration with MIMIC-IV: Unique ability to 
link imaging data to the full Electronic Health 
Record (EHR) database via subject_id.

• Holistic Analysis: Enables multimodal 
research combining pixel data with vital signs, 
laboratory results, medications, and patient 
outcomes.

• Source: Hosted on PhysioNet under a 
Credentialed Data Usage Agreement.

From daily clinical report writing



I. Where to access data

From daily clinical report writing

[1] Hu, Xinyue, et al. "Medical-diff-vqa: a large-scale medical dataset for difference visual question answering on chest x-ray images." PhysioNet 12 (2023): 13.

Medical-Diff-VQA: difference visual question answering simulated from MIMIC-CXR Chest X-Ray Images



I. Where to access data

From daily clinical report writing

INSPECT: A Multimodal 3D-CT Dataset Integrating Imaging, Reports, and Longitudinal EHR
Focus: Pulmonary Embolism (PE) 
diagnosis
Modality: 3D Imaging + Text + 
Longitudinal EHR
Volume: 19,402 Patients; 23,248 
CTPA Studies ; 23,248 Reports ; 
225M+ Clinical Events 



I. Where to access data

97[1] Hamamci, Ibrahim Ethem, et al. "Developing generalist foundation models from a multimodal dataset for 3d computed tomography." arXiv preprint arXiv:2403.17834 (2024).

Data Sources. 

• non-contrast 3D chest CT scans from hospital 

PACS with corresponding radiology reports from 

the EHR.

Final Structure. 

• 25,692 scans from 21,304 patients, reconstructed 

into 50,188 volumes with over 14.3 million slices. 

• Each volume is linked to its free-text report, 

forming the first large-scale 3D chest CT 

image–text dataset for multimodal research.

CT-RATE:

From daily clinical report writing 



I. Where to access data

From daily clinical report writing 

[1] Zhang, Xiaoman, et al. "Radgenome-chest ct: A grounded vision-language dataset for chest ct analysis." arXiv preprint arXiv:2404.16754 (2024).

RadGenome-Abdomen: reprocess CT-RATE data into diverse VQA pairs.  



I. Where to access data

From papers

PMC-OA: extracting medical image–text pairs from published papers

[1] Lin, Weixiong, et al. "Pmc-clip: Contrastive language-image pre-training using biomedical documents." International Conference on Medical Image Computing and 
Computer-Assisted Intervention. Cham: Springer Nature Switzerland, 2023.



I. Where to access data

From papers

PMC-VQA: prompt the image-text pairs in PMC-OA into diverse VQA pairs

[1] Zhang, Xiaoman, et al. "Pmc-vqa: Visual instruction tuning for medical visual question answering." arXiv preprint arXiv:2305.10415 (2023).



I. Where to access data

From papers

PMC-15M: extracting medical image–text pairs from published papers

[1] Zhang, Sheng, et al. "Biomedclip: a multimodal biomedical foundation model pretrained from fifteen million scientific image-text pairs." arXiv preprint arXiv:2303.00915 
(2023).



I. Where to access data

From prompting other publicly available data that doesn't linked with texts 
Fill in the corresponding prompts manually or with LLMs

[1] Wu, Chaoyi, et al. "Towards generalist foundation model for radiology by leveraging web-scale 2d&3d medical data." Nature Communications 16.1 (2025): 7866.

So many distinct 
datasets

Link them with text prompt 
based on their target



I. Where to access data

From websites

Crawl data from open-sourced 

expert checked website

Filter article names (disorders) 

by large language models

Map disorders to ICD-10-CM

Radiopaedia: https://radiopaedia.org/home  

[1] Wu, Chaoyi, et al. "Towards generalist foundation model for radiology by leveraging web-scale 2d&3d medical data." Nature Communications 16.1 (2025): 7866.
[2] Large-scale long-tailed disease diagnosis on radiology images. Nat Commun 15, 10147 (2024).

https://radiopaedia.org/home


I. Current Data Limitations

{Radiology Images} + {Textual Prompt} = {Textual Answer}

• Chest X-rays (CXR) dominate most 

existing radiology datasets.

• Public sources such as websites and 

publications provide valuable data but 

often introduce distribution shifts 

compared with real-world clinical practice.

We need more data beyond CXR from 

clinical practices, like CT-RATE;

• Current prompts are often too simple, 

missing essential clinical context and 

failing to capture multi-turn interactions.

• Responses are usually plain, lacking 

reasoning, justification, and detailed 

explanation.

We need more diverse 

question–answer pairs.



Visual Instruction Tuning



II. Visual Instruction Tuning 

Llava: First Visual Instruction Tuning Attempt

Data:

• Use COCO images and generate 

three types of 

instruction-following data.

• Generates multimodal 

instruction-following data using 

language-only GPT-4 leveraging 

captions and bounding box.

[1] Liu, Haotian, et al. "Visual instruction tuning." Advances in neural information processing systems 36 (2023): 34892-34916..



Architecture (similar as BLIP-2):
• Connects a vision encoder with a large language model in an end-to-end framework.

• Self-attention based multimodal fusion, i.e, 

• View encoded images as “tokens” and concate with the text tokens directly.

• Perform multimodal fusion, reusing the self-attention layer in language models to generate responses.

Llava: First Vison Instruction Tuning Attempt

[1] Liu, Haotian, et al. "Visual instruction tuning." Advances in neural information processing systems 36 (2023): 34892-34916.
[2] Li, Junnan, et al. "Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large language models." International conference on machine learning. PMLR, 2023.

II. Visual Instruction Tuning 



II. Visual Instruction Tuning 
Llava-Med: First Medical MLLM

Model Training:

• LLM - Vicuna, Vision Encoder - CLIP ViT-L 224px;

• 600K image-text pairs generated from PMC-15M (papers)  

using GPT-4;

• 2 staged training: 

• Train the projection layer with 600K pairs to align the 

image embedding space and text embedding space;

•  Tune the whole network with 60K high-quality GPT-4 

augmented instruction data. 

[1] Li, Chunyuan, et al. "Llava-med: Training a large language-and-vision assistant for biomedicine in one 
day." Advances in Neural Information Processing Systems 36 (2023): 28541-28564.



II. Visual Instruction Tuning 

MedFlamingo: First Medical MLLMs based on Open-Flamingo  

Data:

• Built a new interleaved image-text dataset from 

4,721 medical textbooks, with robust cleaning and 

segmentation

• Paired data sourced from PMC-OA: 1.6M 

biomedical image-caption pairs collected from 

PubMedCentral

[1] Moor, Michael, et al. "Med-flamingo: a multimodal medical few-shot learner." Machine Learning for Health (ML4H). PMLR, 2023.
[2] PMC-OA: Lin, Weixiong, et al. "Pmc-clip: Contrastive language-image pre-training using biomedical documents." International Conference on Medical Image Computing and Computer-Assisted Intervention. Cham: Springer Nature Switzerland, 2023.



II. Visual Instruction Tuning 

MedFlamingo: First Medical VLM  

Architecture (Similar as Flamingo):

• Project images into tokens

• Fuse image tokens and image tokens with newly 

added cross-attention layers across each layer in 

the LLMs.

• Since this design disrupts the original integrity 

of the LLM, only a few studies have continued 

to adopt this architecture. Instead, the 

self‑attention design has remained the 

mainstream choice.

[1] Moor, Michael, et al. "Med-flamingo: a multimodal medical few-shot learner." Machine Learning for Health (ML4H). PMLR, 2023.



II. Visual Instruction Tuning 

MedFlamingo: First Medical VLM  

Model Training:
• Pre-training Med-Flamingo on large-scale, curated medical image-text data across multiple disciplines

• Instruction tuning using few-shot generative visual question answering.

[1] Moor, Michael, et al. "Med-flamingo: a multimodal medical few-shot learner." Machine Learning for Health (ML4H). PMLR, 2023.



II. Visual Instruction Tuning 

RadFM: Foundation Model in Radiology 

Data
• Diverse tasks including VQA, Diagnosis, and 

Report Generation;
• Beyond paper data, 16M 2D and 3D scans.

[1] Wu, Chaoyi, et al. "Towards generalist foundation model for radiology by leveraging web-scale 2d&3d medical data." Nature Communications 16.1 (2025): 7866.



II. Visual Instruction Tuning 

RadFM: Foundation Model in Radiology 

Architecture and Training

• Architecture slightly different due to 3D
• MedLLaMA-13B, medical version of LLaMA 

model trained with PMC
• 3D ViT + Perceiver for Vision Encoder
• Interleaved images with text with texts.

• 2-staged training
• Auto-regressive Pretraining (Predict next token)
• Visual Instruction Tuning (Domain-specific 

Finetuning)
• The main difference falls in what tokens are  

used for loss calculation.

[1] Wu, Chaoyi, et al. "Towards generalist foundation model for radiology by leveraging web-scale 2d&3d medical data." Nature Communications 16.1 (2025): 7866.



II. Visual Instruction Tuning 

RadFM: Foundation Model in Radiology 
Results

• Outperform SoTA on various Benchmark

• A comprehensive human rating also shows 

RadFM’s superior performance.

[1] Wu, Chaoyi, et al. "Towards generalist foundation model for radiology by leveraging web-scale 2d&3d medical data." Nature Communications 16.1 (2025): 7866.



II. Visual Instruction Tuning 

CheXagent: First MLLMs Specialized to Chest X-ray Application 

Data

• More careful collection, filtering, and organization of data in 

the CXR domain with 6M CXR QA pairs.

• Diverse tasks such as VQA, NLI, Diagnosis …  

[1] Chen, Zhihong, et al. "Chexagent: Towards a foundation model for chest x-ray interpretation." arXiv preprint arXiv:2401.12208 (2024).



II. Visual Instruction Tuning 

CheXagent: First Chest X-ray Application 

Model Training:

• Based on BLIP-2 instead of CLIP

• Backbone LLM Mistral-7B

• 4 stages: Training backbone LLM and Training vision encoder 

[1] Chen, Zhihong, et al. "Chexagent: Towards a foundation model for chest x-ray interpretation." arXiv preprint arXiv:2401.12208 (2024).



II. Visual Instruction Tuning 

CheXagent: First Chest X-ray Application 

Results:

• Two Evaluation Method

• Automated metrics

• GPT-4 as Judge

• Outperforms state-of-the-art general 

and medical foundation model in CXR.

[1] Chen, Zhihong, et al. "Chexagent: Towards a foundation model for chest x-ray interpretation." arXiv preprint arXiv:2401.12208 (2024).



II. Visual Instruction Tuning 
Visual Instruction Tuning 

Data：

• Each sample includes images, 

detailed findings, and extra 

context like indication, technique, 

and comparison sections when 

available.

• Combines public (MIMIC-CXR, 

PadChest, IU-Xray) and private 

(USMix) chest X-ray report 

generation datasets.

[1] Bannur, Shruthi, et al. "Maira-2: Grounded radiology report generation." arXiv preprint arXiv:2406.04449 (2024).

MAIRA-2



II. Visual Instruction Tuning 

MAIRA-2

Architecture：

• Encode multi-image with a frozen vision encoder (Rad-DINO-MAIRA-2) and training an adapter

• Self-attention based fusion design with LLMs

[1] Bannur, Shruthi, et al. "Maira-2: Grounded radiology report generation." arXiv preprint arXiv:2406.04449 (2024).



II. Visual Instruction Tuning 

MAIRA-2

Model Training：

• Visual Instruction-tuning with grounded report generation: generates findings with linked bounding boxesin texts to 

localize abnormalities on the image.

[1] Bannur, Shruthi, et al. "Maira-2: Grounded radiology report generation." arXiv preprint arXiv:2406.04449 (2024).



II. Visual Instruction Tuning 

Results：

• MAIRA-2 achieves top logical 

precision (>50%) and high 

grounding precision on new 

grounded report tasks.

• Sets new SoTA on traditional 

report generation benchmarks, 

outperforming prior models and 

generalizing well to unseen data.

MAIRA-2

[1] Bannur, Shruthi, et al. "Maira-2: Grounded radiology report generation." arXiv preprint arXiv:2406.04449 (2024).



II. Visual Instruction Tuning 

MedGemini 

[1] Saab, Khaled, et al. "Capabilities of gemini models in medicine." arXiv preprint arXiv:2404.18416 (2024).
[2] Yang, Lin, et al. "Advancing multimodal medical capabilities of Gemini." arXiv preprint arXiv:2405.03162 (2024).



II. Visual Instruction Tuning 

[1] Saab, Khaled, et al. "Capabilities of gemini models in medicine." arXiv preprint arXiv:2404.18416 (2024).
[2] Yang, Lin, et al. "Advancing multimodal medical capabilities of Gemini." arXiv preprint arXiv:2405.03162 (2024).

MedGemini 



II. Visual Instruction Tuning 

MedGemini 

Data：

More than 7 million data samples 

from 3.7 million medical images 

and cases is used for fine-tuning 

and further instruction-tuning of 

Gemini for medical applications in 

Med-Gemini

[1] Saab, Khaled, et al. "Capabilities of gemini models in medicine." arXiv preprint arXiv:2404.18416 (2024).
[2] Yang, Lin, et al. "Advancing multimodal medical capabilities of Gemini." arXiv preprint arXiv:2405.03162 (2024).



II. Visual Instruction Tuning 

Results：

• Evaluation of advanced reasoning 

on text-based tasks.

• Evaluation of multimodal 

capabilities- 2D, 3D, Signal QA.

• Evaluation of long-context 

capabilities on video and EHR tasks

[1] Saab, Khaled, et al. "Capabilities of gemini models in medicine." arXiv preprint arXiv:2404.18416 (2024).
[2] Yang, Lin, et al. "Advancing multimodal medical capabilities of Gemini." arXiv preprint arXiv:2405.03162 (2024).

MedGemini 



II. Visual Instruction Tuning 

Example of Med-Gemini’s long-context capabilities on a Chest X-ray 
image. 

Here, Med-Gemini helps interpret a patient’s chest X-ray. It produces a 
report noting a normal heart, clear lungs, and mild age-related spine 
changes. When asked, it explains these findings in detail and 
emphasizes that they may not fully account for the patient’s back pain. 
It then rephrases the results in simple, patient-friendly language. The 
official radiology report—unseen by the model—closely matches its 
output, showing Med-Gemini’s accuracy and flexibility in both clinical 
and patient communication.

[1] Saab, Khaled, et al. "Capabilities of gemini models in medicine." arXiv preprint arXiv:2404.18416 (2024).
[2] Yang, Lin, et al. "Advancing multimodal medical capabilities of Gemini." arXiv preprint arXiv:2405.03162 (2024).

MedGemini 



SLaVA-CXR: three-stage visual instruction tuning

II. Visual Instruction Tuning 

Wu, Jinge, et al. "Slava-cxr: Small language and vision assistant for chest x-ray report automation." arXiv preprint arXiv:2409.13321 (2024).
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II. Visual Instruction Tuning 

Wu, Jinge, et al. "Slava-cxr: Small language and vision assistant for chest x-ray report automation." arXiv preprint arXiv:2409.13321 (2024).

SLaVA-CXR: Small and efficient VLM for radiology

Instruction following data 

Only train from 3000+ Radiopaedia case studies
AI-enhanced data construction
VQA and reporting supportive 



II. Visual Instruction Tuning 

Wu, Jinge, et al. "Slava-cxr: Small language and vision assistant for chest x-ray report automation." arXiv preprint arXiv:2409.13321 (2024).

SLaVA-CXR: Small and efficient VLM for radiology

The model performs well across 12 abnormalities.



Model performance confirmed with radiologists. 

Also, the model’s efficiency for inference is 
about 6 times faster.

II. Visual Instruction Tuning 

Wu, Jinge, et al. "Slava-cxr: Small language and vision assistant for chest x-ray report automation." arXiv preprint arXiv:2409.13321 (2024).

SLaVA-CXR: Small and efficient VLM for radiology



Examples of model outputs. Blue-colored text denotes alignment between the ground truth text and the generated text. Red-colored text 
denotes unfavorable results. 

II. Visual Instruction Tuning 

Wu, Jinge, et al. "Slava-cxr: Small language and vision assistant for chest x-ray report automation." arXiv preprint arXiv:2409.13321 (2024).

SLaVA-CXR: Small and efficient VLM for radiology



II. Visual Instruction Tuning 

Wu, Jinge, et al. "Slava-cxr: Small language and vision assistant for chest x-ray report automation." arXiv preprint arXiv:2409.13321 (2024).

SLaVA-CXR: Small and efficient VLM for radiology



Aligns the LLM to respond in the preferred way. Often done with reinforcement learning.

Amazon AWS https://aws.amazon.com/what-is/reinforcement-learning-from-human-feedback/ 

II. Visual Instruction Tuning 

https://aws.amazon.com/what-is/reinforcement-learning-from-human-feedback/


III. LVLMs in Medicine

Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

More than 7 million data 
samples from 3.7 million 
medical images and cases 
is used for fine-tuning and 
further instruction-tuning of 
Gemini for medical 
applications in Med-Gemini

Signal QA        | ECG-QA (cardiology)  |  159,306   |                      | Close-ended signal QA of electrocardiograms

Med-Gemini: Gemini Models in Medicine



III. LVLMs in Medicine

Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

Evaluation:

1. Evaluation of advanced reasoning on text-based tasks - QA, generation, summarization, simplification, 
diagnostics

2. Evaluation of multimodal capabilities- 2D, 3D, Signal QA
3. Evaluation of long-context capabilities on video and EHR tasks
4. Evaluation of Genomics “images” (polygenic risk scores (PRS) projected into 2D)

Med-Gemini: Gemini Models in Medicine



III. LVLMs in Medicine

Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

Example of Med-Gemini’s long-context 
capabilities on a surgical video. 

It analyzes a video clip from the Cholec80 dataset 
to assess achievement of the Critical View of 
Safety (CVS) during a laparoscopic 
cholecystectomy (a keyhole operation to remove 
the gallbladder). The model assesses whether the 
three criteria defining the achievement of the CVS 
are met, with a detailed explanation for each 
criterion separately.

Med-Gemini: Gemini Models in Medicine



Reasoning Enhancement



III. Reasoning Enhancement

Output: 

Reasoning Processes: 
To determine if the chest X-ray shows cardiomegaly, it's crucial to 
analyze the size of the heart. The key indicator is the cardiothoracic 
ratio, which is the ratio of the maximal horizontal cardiac diameter to 
the maximal horizontal thoracic diameter. In a normal PA chest X-ray, 
this ratio is expected to be less than 0.50 …

Therefore, the answer is A) Yes

Previous Model Output:

Reasoning-enhanced Model Output:

Does this chest X-ray show cardiomegaly?
Options:
A) Yes

B) No

Output: A) Yes

Result-only

Original Clinical Visual Question:

Low Level Patterns

High Level Diseases

[1] Fan, Ziqing, et al. "ChestX-Reasoner: Advancing Radiology Foundation Models with Reasoning through Step-by-Step Verification." arXiv preprint arXiv:2504.20930 (2025).



III. Reasoning Enhancement

Data: Combined Multiple-choice (MCQ) VQA datasets 

- VQA-RAD [18], SLAKE [22], PathVQA [14], OmniMedVQA [15], and PMC-VQA [34]. 

- In total, 17,300 MCQs linked to images, with 2–6 possible choices per question. 

- Focus on radiology modalities: CT, MRI, and X-ray. 

- 600 MRI image-question pairs for training. 

- 300 MRI (in-domain), 300 CT (out-of-domain), and 300 X-ray (out-of-domain) pairs for testing.

- Original data has no reasoning supervision and the “Think” part is inferenced by model itself   

[1] Pan, Jiazhen, et al. "Medvlm-r1: Incentivizing medical reasoning capability of vision-language models (vlms) via reinforcement learning." arXiv preprint arXiv:2502.19634 (2025).



III. Reasoning Enhancement

[1] Pan, Jiazhen, et al. "Medvlm-r1: Incentivizing medical reasoning capability of vision-language models (vlms) via reinforcement learning." arXiv preprint arXiv:2502.19634 (2025).
[2] Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025).

Model Training: 

Outcome-based Reinforcement Training with GRPO 

(similar as DeepSeek-R1[2]) 

- Two rewards (similar as DeepSeek-R1[2]): 

- Format reward: output organized in 

“<think>...</think>" tag and  the final 

answer in the “<answer>...</answer>" 

tag. 

- Accuracy reward: output the correct choice 

(A / B / C / D in the final answer tag)

Medvlm-r1



III. Reasoning Enhancement

[1] Pan, Jiazhen, et al. "Medvlm-r1: Incentivizing medical reasoning capability of vision-language models (vlms) via reinforcement learning." arXiv preprint arXiv:2502.19634 (2025).
[2] Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025).

Model Training: 

The RL algorithm simply optimizes the MLLM network to maximize the reward functions.  

- Start from Qwen2-VL-2B

- Expect the model to learn the reasoning ability through self-exploration without extra instruction-wise supervisions.

Medvlm-r1



III. Reasoning Enhancement

Main Results: 

- RL surpasses SFT significantly

- Strong generalization abilities 

[1] Pan, Jiazhen, et al. "Medvlm-r1: Incentivizing medical reasoning capability of vision-language models (vlms) via reinforcement learning." arXiv preprint arXiv:2502.19634 (2025).

Medvlm-r1



III. Reasoning Enhancement

Main Results: 

- RL Surpasses SFT significantly

- Strong generalization abilities 

- Model learns to fill the <think> part.

[1] Pan, Jiazhen, et al. "Medvlm-r1: Incentivizing medical reasoning capability of vision-language models (vlms) via reinforcement learning." arXiv preprint arXiv:2502.19634 (2025).

Medvlm-r1



III. Reasoning Enhancement

[1] Fan, Ziqing, et al. "ChestX-Reasoner: Advancing Radiology Foundation Models with Reasoning through Step-by-Step Verification." arXiv preprint arXiv:2504.20930 (2025).

Key insight: 

• Radiology interpretation tasks naturally follow medical reasoning thoughts from finding low-level patterns to 

synthesizing high-level diseases.

• The reasoning processes are maintained in daily clinical reports.

Is that true that “radiology reasoning is hard to obtain?”



III. Reasoning Enhancement

Mined reasoning case in CXR (Beyond MCQs)

Data and task distribution:

ChestX-Reasoner:

Data construction:

- Adopt radiology reports as the basic references;

- Adopt diverse case as task seeds;

- Prompt GPT-4 to generate the case with reasoning 

based on reports. 

[1] Fan, Ziqing, et al. "ChestX-Reasoner: Advancing Radiology Foundation Models with Reasoning through Step-by-Step Verification." arXiv preprint 
arXiv:2504.20930 (2025).



III. Reasoning Enhancement

Metrics on Reasoning (RadRScore)

ChestX-Reasoner:

• Effectiveness: Proportion of efficient 

reasoning steps.

• Factuality: Proportion of valid 

reasoning steps.

• Completeness: Recall of referenced 

reasoning steps.

[1] Fan, Ziqing, et al. "ChestX-Reasoner: Advancing Radiology Foundation Models with Reasoning through Step-by-Step Verification." arXiv preprint arXiv:2504.20930 (2025).



III. Reasoning Enhancement

Model Training:

Involves two stages of training: 

• Supervised fine-tuning

• Reinforcement learning

Designs three reward functions:

• Outcome-based rewards: format and accuracy

• Process factuality reward: correctness of generated reasoning steps

ChestX-Reasoner:

[1] Fan, Ziqing, et al. "ChestX-Reasoner: Advancing Radiology Foundation Models with Reasoning through Step-by-Step Verification." arXiv preprint arXiv:2504.20930 (2025).



III. Reasoning Enhancement

Results: Naturally, process supervision enhances both final accuracy and, more notably, reasoning reliability.

• 16% and 3.3% improvement on reasoning and outcome accuracy compared to medical MLLMs (MedDR etc).

• 5.9% and 24% improvement on reasoning ability and outcome accuracy compared to commercial MLLMs (GPT4o etc).

• 18% and 27% improvement on reasoning ability and outcome accuracy compared to general MLLMs(Qwen2VL-7B).

ChestX-Reasoner:

[1] Fan, Ziqing, et al. "ChestX-Reasoner: Advancing Radiology Foundation Models with Reasoning through Step-by-Step Verification." arXiv preprint arXiv:2504.20930 (2025).



III. Reasoning Enhancement

Human – guided reasoning

Traditional medical AI systems lack understanding of how radiologists actually think and diagnose

Radiologist eye fixations are NOT random—they reflect diagnostic strategies, clinical experience, and 
pathology detection logic

Two Key Pillars:
1.Human-Centered AI 

1. Capture expert cognitive processes through eye tracking
2. Use visual attention as clinical prior knowledge
3. Bridge the gap between AI predictions and human reasoning

2.Reasoning Enhancement for MLLMs 
1. Move beyond simple pattern recognition
2. Simulate expert diagnostic reasoning workflows
3. Learn how radiologists think, not just what they see



III. Reasoning Enhancement

Human – guided reasoning

The REFLACX Dataset
•109 radiologists + 3,032 chest X-rays
•Eye tracking data recorded during diagnostic 
reading

•Includes: 
• Temporal eye fixation coordinates
• Diagnostic text reports
• Disease labels

Bigolin Lanfredi, Ricardo, et al. "REFLACX, a dataset of reports and eye-tracking data for localization of abnormalities in chest x-rays." Scientific 
data 9.1 (2022): 350.



Kim et al., 2024. Human-in-the-Loop Chest X-Ray Diagnosis: Enhancing Large Multimodal Models with Eye Fixation Inputs. In International Workshop on Trustworthy Artificial Intelligence for Healthcare

Integrate the eye fixation information into textual prompts

III. Reasoning Enhancement

Eye-Gaze – v1



Kim et al., 2024. Enhancing Human-Computer Interaction in Chest X-ray Analysis using Vision and Language Model with Eye Gaze Patterns. MICCAI 2024

Heatmaps with VLMs for clinical applications
Highlight the precise focal points and duration of a radiologist’s attention when analysing a CXR

III. Reasoning Enhancement

Eye-Gaze – v2:

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=DdLPDagAAAAJ&sortby=pubdate&citation_for_view=DdLPDagAAAAJ:08ZZubdj9fEC


III. Reasoning Enhancement

Eye-Gaze – v3:

Dynamic Eye Gaze with Video for CXR Analysis
- leverage both spatial and temporal aspects of gaze patterns

Kim, Yunsoo, Jinge Wu, and Honghan Wu. "RadEyeVideo: Enhancing general-domain Large Vision Language Model for chest X-ray analysis with 
video representations of eye gaze." arXiv preprint arXiv:2507.09097 (2025).



Combine eye gaze + bounding boxes for multi-level visual guidance

III. Reasoning Enhancement

Eye-Gaze – v4:

Kim, Yunsoo, et al. "Look & mark: Leveraging radiologist eye fixations and bounding boxes in multimodal large language models for chest X-ray 
report generation." Findings of the Association for Computational Linguistics: ACL 2025. 2025.



Applications



IV. Applications: Basic Applications 

[1] Saab, K. et al. Saab, Khaled, et al. "Capabilities of gemini models in medicine." arXiv preprint arXiv:2404.18416 (2024).
[2] Yang, L. et al. Yang, Lin, et al. "Advancing multimodal medical capabilities of Gemini." arXiv preprint arXiv:2405.03162 (2024).. 2024.

Report Generation



IV. Applications: Basic Applications 

[1] Wu, Chaoyi, et al. "Towards generalist foundation model for radiology by leveraging web-scale 2d&3d medical data." Nature Communications 16.1 (2025): 7866.

Diverse VQA and diagnosis



IV. Applications: Basic Applications 

[1] Wu, Jinge, et al. "Exploring multimodal large language models for radiology report error-checking." arXiv preprint arXiv:2312.13103 (2023).

Error Checking
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IV. Applications: Basic Applications 

[1] Wu, Jinge, et al. "Exploring multimodal large language models for radiology report error-checking." arXiv preprint arXiv:2312.13103 (2023).

Error Checking



IV. Applications: Agentic Systems

[1] Sellergren, Andrew, et al. "Medgemma technical report." arXiv preprint arXiv:2507.05201 (2025).

MedGemma (Latest Medical MLLMs): 

- 4B for multimodal; 27B for text-only

- Application: agentic orchestration

Tools designed to integrate with LLM-based 
agents, enabling them to perceive visual inputs.



[1] Li, Binxu, et al. "Mmedagent: Learning to use medical tools with multi-modal agent." arXiv preprint arXiv:2407.02483 (2024).

Agentic system to orchestrate MLLMs 

- LLMs as the planner (Agentic Core/Brain)

- MLLMs as a perception model to read the 

images (Eyes)

- Enhance the LLMs with multimodal ability 

while maintaining their superior, flexible 

reasoning ability.

Mmedagent: 

IV. Applications: Agentic Systems



[1] Li, Binxu, et al. "Mmedagent: Learning to use medical tools with multi-modal agent." arXiv preprint arXiv:2407.02483 (2024).

Typical workflow:

- LLMs understand the user queries

- Call the related multimodal/visual 

APIs.

- Transform the visual output into 

textual information. (For MLLMs, 

their outputs are inherently texts).

- LLMs combine the information to 

obtain the final answer.

Mmedagent: 

IV. Applications: Agentic Systems



[1] Li, Binxu, et al. "Mmedagent: Learning to use medical tools with multi-modal agent." arXiv preprint arXiv:2407.02483 (2024).

MLLMs’ role in agentic systems:

- MLLMs interpret free-text prompts, 

enabling natural integration with enhanced 

LLMs as sub-tools.

- They act as a flexible tool, complementing 

and extending the specialist tool collection 

in radiology.

- Other specialized tools—such as grounding 

models or diagnosis models—can make 

certain queries more precise.

Mmedagent: 

IV. Applications: Agentic Systems



[1] Zheng, Qiaoyu, et al. "How Well Can Modern LLMs Act as Agent Cores in Radiology Environments?." arXiv preprint arXiv:2412.09529 (2024).

Before scaling, we investigate … 

How effectively can LLMs understand multimodal medical tools and plan its  agentic 

workflow chain in radiological settings?

A simulated evaluation dataset tailed for assessing LLM-based agent cores’ ability in radiology

IV. Applications: Agentic Systems



IV. Applications: Basic Applications 

[1] Zheng, Qiaoyu, et al. "How Well Can Modern LLMs Act as Agent Cores in Radiology Environments?." arXiv preprint arXiv:2412.09529 (2024).

RadABench: Findings:

● Tool Misunderstanding: Challenges in understanding 

complex or too many external tool contexts.

● Context Loss: Inefficiencies in synthesizing multi-round 

information.

● Hallucination Risk: LLMs are prone to significant “tool 

incomplete hallucinations”.

● IO Misalignment: LLMs struggle with organizing strict IO 

formats for successive tools.

● Poor Tool Selection: LLMs often fail to select the most 

appropriate tools based on their performance.



IV. Applications: Basic Applications 

[1] Zheng, Qiaoyu, et al. "How Well Can Modern LLMs Act as Agent Cores in Radiology Environments?." arXiv preprint arXiv:2412.09529 (2024).

RadABench: 

It remains essential to expand the capabilities of MLLMs 

in radiology—broadening task coverage, thereby reducing 

tool-context complexity, and potentially even fully 

replacing the LLM core.



Evaluation Metrics



IV. Report Evaluation Problem Setting

Research:
Model Development for 

Radiology Report Generation

Clinical Practice:
Human Radiology Report 

Generation

fast, dataset/ 
metric 

orientated
careful, patient orientated 

Interpretable, 
domain specific 

Metrics



IV. Evaluation Example



IV. Evaluation Metrics: BLEU



IV. Evaluation Metrics: ROUGE-L



IV. Evaluation Metrics: CIDEr



IV. Evaluation Metrics: CheXpert F1



IV. Evaluation Metrics: BERTScore



IV. Evaluation Metrics: GREEN & MRScore



IV. Evaluation Metrics: RadGraph & RadCliQ



IV. Human Evaluation



IV. What’s More



Multimodal LLMs for Pathology

Yunsoo Kim

Institute of Health Informatics, University College London

24 November 2025



How Radiology is different from Pathology/Histopathology

VII. Radiology vs Pathology

24 November 2025 186

PathologyRadiology

Wu, et al. 2023. Lu, et al. 2023.

Breast

Skin



How Radiology is different from Pathology/Histopathology

VII. Radiology vs Pathology

24 November 2025 187

Radiology

Reports composed of:
Findings
Impression

Reports composed of:
Specimen
Macroscopic description
Microscopic description
Final Diagnosis

Pathology



VLMs in Pathology



PLIP first visual-language foundation model (CLIP-based) in Pathology

VII. Vision Language Model in Pathology

Huang et al., 2023. Nature Medicine. A visual–language foundation model for pathology image analysis 
using medical Twitter

24 November 2025 189

Contrastive Learning

https://www.nature.com/articles/s41591-023-02504-3
https://www.nature.com/articles/s41591-023-02504-3


PLIP trained using 200K tile-caption datasets from Twitter

VII. Vision Language Model in Pathology

Huang et al., 2023. Nature Medicine. A visual–language foundation model for pathology image analysis 
using medical Twitter

24 November 2025 190

Tile-Caption from Twitter (176K) and LAION dataset (32K)
• For Twitter: HashTags and Replies were used to construct the data

https://www.nature.com/articles/s41591-023-02504-3
https://www.nature.com/articles/s41591-023-02504-3


PLIP was tested on zero-shot classification, image-image retrieval, and text-image retrieval

VII. Vision Language Model in Pathology

Huang et al., 2023. Nature Medicine. A visual–language foundation model for pathology image analysis 
using medical Twitter

24 November 2025 191

https://www.nature.com/articles/s41591-023-02504-3
https://www.nature.com/articles/s41591-023-02504-3


QuiltNet is a CLIP model trained with a dataset from Youtube narrative-style pathology videos

VII. Vision Language Model in Pathology

Ikezogwo et al., 2023 NeurIPS 2023. Quilt-1M: One Million Image-Text Pairs for Histopathology24 November 2025 192

1. Extracted histopathology images (438K) from videos using keyframe histopathology image ensemble classifier
2. Converted speech to text and corrected the text (802K) using an LLM (GPT-3.5) and UMLS 

https://arxiv.org/abs/2306.11207


Quilt Dataset : Region of Interest Text – further extracted for phrases with “here” or “look”

VII. Vision Language Model in Pathology

Ikezogwo et al., 2023 NeurIPS 2023. Quilt-1M: One Million Image-Text Pairs for Histopathology24 November 2025 193

https://arxiv.org/abs/2306.11207


QuiltNet test on mostly classification and image-text retrieval. Outperforming PLIP.

VII. Vision Language Model in Pathology

Ikezogwo et al., 2023 NeurIPS 2023. Quilt-1M: One Million Image-Text Pairs for Histopathology24 November 2025 194

https://arxiv.org/abs/2306.11207


CONCH – Foundation Model trained with PubMed OA (1.17M Tile-Caption Pairs) 

VII. Vision Language Model in Pathology

Lu et al., 2024. Nature Medicine. A visual-language foundation model for computational pathology.24 November 2025 195

Captions split using BioGPT 



CONCH – CoCa Approach 

VII. Vision Language Model in Pathology

Lu et al., 2024. Nature Medicine. A visual-language foundation model for computational pathology.24 November 2025 196



CONCH – outperforming PLIP in Zero-shot classification

VII. Vision Language Model in Pathology

Lu et al., 2024. Nature Medicine. A visual-language foundation model for computational pathology.24 November 2025 197



CONCH – outperforming PLIP in retrieval

VII. Vision Language Model in Pathology

Lu et al., 2024. Nature Medicine. A visual-language foundation model for computational pathology.24 November 2025 198



CONCH extended to segmentation

VII. Vision Language Model in Pathology

Lu et al., 2024. Nature Medicine. A visual-language foundation model for computational pathology.24 November 2025 199



VLMs
downstream tasks 
are limited
by small number of 
input tokens

Context length for input text 
prompt is much shorter than a 
question and report

20024 November 2025 Image generated using DALL·E 3

VQA
Chat Assistant
Reports generation

Infiltrating duct carcinoma measuring 2.5 cm x 2.0 
cm x 1.5 cm, nuclear and architectural grade 2. 
Eight out of thirteen lymph nodes with metastatic 
carcinoma and extracapsular extension. 
Lymphovascular space involvement present. 
Ductal carcinoma in situ, predominantly solid type, 
30% of tumor volume.
- Report from TCGA



Multimodal LLMs in Pathology



Proprietary 
models leading…
The privacy concerns with the patient data
Still, we have way around this.

20224 November 2025



VII. Multimodal LLMs in Pathology: GPT4

24 November 2025

A Hallucination Benchmark of Medical Images including Pathology 

203Wu et al., 2024. ICLR. Hallucination Benchmark in Medical Visual Question Answering. 



VII. Multimodal LLMs in Pathology: GPT4

24 November 2025

GPT-4 is the best, but is still hallucinatory

204Wu et al., 2024. ICLR. Hallucination Benchmark in Medical Visual Question Answering. 



VII. Multimodal LLMs in Pathology: GPT4

24 November 2025

For report generation, even GPT-4o Vision performs poorly

205

Histopathologist scored 600 reports generated with GPT-4o vision based on the following criteria:

5 - Perfect match with ground truth
4 – Correct diagnosis with at least one minor error in histopathological description
3 – Correct Diagnosis but completely wrong in histopathological description
2 – Correct Disease Category
1 – Incorrect Diagnosis with some description matching
0 – Incorrect diagnosis with no histological description matching

Site: 
Skin

Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for
histopathology reports



We are not far 
behind the 
proprietary models.

Domain adaptation with high 
quality pathology dataset

20624 November 2025 Image generated using DALL·E 3

Open
Source



Path-Asst first multimodal LLMs in Pathology based on Vicuna

VII. Multimodal LLMs in Pathology

Sun et al., 2024. AAAI. PathAsst: A Generative Foundation AI Assistant Towards Artificial General Intelligence of 
Pathology

24 November 2025 207

1. PathCLIP - Image Encoder Newly Trained from ViT
2. FC layer used to connect vision and language embeddings

https://arxiv.org/abs/2305.15072
https://arxiv.org/abs/2305.15072


Path-Asst uses LLaVA approach but backbone LLM is Vicuna

VII. Multimodal LLMs in Pathology

Sun et al., 2024. AAAI. PathAsst: A Generative Foundation AI Assistant Towards Artificial General Intelligence of 
Pathology

24 November 2025 208

1. 1 stage training with 207K sourced from PubMed for captioning
2. 2 stage training with 180K pathology instruction tuning dataset : 4 tasks (Generated by ChatGPT)

https://arxiv.org/abs/2305.15072
https://arxiv.org/abs/2305.15072


PathCLIP outperforms PLIP in classification and retrieval and PathAsst outperforms LLaVA in VQA

VII. Multimodal LLMs in Pathology

Sun et al., 2024. AAAI. PathAsst: A Generative Foundation AI Assistant Towards Artificial General Intelligence of 
Pathology

24 November 2025 209

LLaVA-Med Closed 91.65; Open 38.87

PathCLIP – Zero-Shot Classification

PathCLIP – Image Retrieval

https://arxiv.org/abs/2305.15072
https://arxiv.org/abs/2305.15072


Path-Asst can still generate relevant descriptions.

VII. Multimodal LLMs in Pathology

Sun et al., 2024. AAAI. PathAsst: A Generative Foundation AI Assistant Towards Artificial General 
Intelligence of Pathology
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https://arxiv.org/abs/2305.15072
https://arxiv.org/abs/2305.15072


Quilt LLaVA : further training LLaVA with 2 stages : domain alignment and visual instruction tuning
Very similar approach to LLaVA-Med, but using high-quality histopathology specific dataset

VII. Multimodal LLMs in Pathology

Seyfioglu et al., 2024. CVPR. Quilt-LLaVA: Visual instruction tuning by extracting
localized narratives from open-source histopathology videos

24 November 2025 211



For the instruction tuning, created the dataset using the Quilt Youtube videos

VII. Multimodal LLMs in Pathology

Seyfioglu et al., 2024. CVPR. Quilt-LLaVA: Visual instruction tuning by extracting
localized narratives from open-source histopathology videos

24 November 2025 212

Using mouse cursor movements to highlight the ROIs



Tested on VQAs including their own benchmark, Quilt-VQA (generated using videos and GPT-4)

VII. Multimodal LLMs in Pathology

Seyfioglu et al., 2024. CVPR. Quilt-LLaVA: Visual instruction tuning by extracting
localized narratives from open-source histopathology videos

24 November 2025 213



PathChat : Diverse tasks covered with more data (257K) than PathAsst.

VII. Multimodal LLMs in Pathology

Lu et al., 2024. Nature. A multimodal generative AI copilot for human pathology.24 November 2025 214

Using CONCH dataset + instructions to tran Llama-2 13B backbone LLM.



PathChat : Created a Benchmark called PathQABench (MCQ). Outperformed GPT-4V

VII. Multimodal LLMs in Pathology

Lu et al., 2024. Nature. A multimodal generative AI copilot for human pathology.24 November 2025 215



PathChat : Chat Assistant capable of summarizing the WSI or tiles.

VII. Multimodal LLMs in Pathology

Lu et al., 2024. Nature. A multimodal generative AI copilot for human pathology.24 November 2025 216

http://www.youtube.com/watch?v=fWDU5P0ap28&t=97
http://www.youtube.com/watch?v=fWDU5P0ap28&t=200


PathGen-LLaVA : an improved version of PathAsst. Outperformed GPT-4V and Gemini Pro Vision.

VII. Multimodal LLMs in Pathology

Sun et al., 2025. ICLR. PathGen-1.6M24 November 2025 217

Replaced LLaVA 1.5’s CLIP with PathGenCLIP which was trained with 
1.6M Pathology Image-text Pairs (patch level) generated using GPT-4V

1st stage training - Feature Alignment using 1.6M

2nd stage training with 200K generated from 1.6M dataset
- 95K pathology MCQs
- 105K pathology conversation

https://arxiv.org/abs/2407.00203


SlideChat extended to WSI level
SlideChat uses Qwen2.5-7B and Tile level as well as WSI encoder

VII. Multimodal LLMs in Pathology

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 
Understanding

24 November 2025 218



SlideChat used GPT4 to generate slide level Instruction Tuning dataset. 4.2K WSI-Report pairs.

VII. Multimodal LLMs in Pathology

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 
Understanding

24 November 2025 219



SlideBench – 734 WSI captions and closed-set VQAs. 7.8K TCGA and 7.2K (Early Breast Cancer Core-Needle Biopsy).

VII. Multimodal LLMs in Pathology

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 
Understanding

24 November 2025 220



SlideChat covers various tasks in VQA.

VII. Multimodal LLMs in Pathology

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 
Understanding

24 November 2025 221



SlideChat outperforms GPT-4 and GPT-4o.

VII. Multimodal LLMs in Pathology

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 
Understanding
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SlideChat outperforms GPT-4 and GPT-4o.

VII. Multimodal LLMs in Pathology

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 
Understanding
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HistGen – Great source of publicly available report generation dataset. Used GPT-4 to clean TCGA reports. 

VII. Multimodal LLMs in Pathology

Guo et al., 2024. MICCAI. Histgen: Histopathology report generation via local-global feature
encoding and cross-modal context interaction.

24 November 2025 224



HistoGPT – Patch Level. Training data not released.

VII. Multimodal LLMs in Pathology

Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 
whole slide images with HistoGPT.
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HistoGPT – extended to thickness, subtypes prediction. Also, overlays attention heatmap on WSI.

VII. Multimodal LLMs in Pathology

Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 
whole slide images with HistoGPT.
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HistoGPT – Image encoder is CTransPath. BioGPT as language model. 

VII. Multimodal LLMs in Pathology

Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 
whole slide images with HistoGPT.
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Report generation outperforming GPT-4-Vision. 
Sometimes generated reports are better than the ground truth.

VII. Multimodal LLMs in Pathology

Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 
whole slide images with HistoGPT.

24 November 2025 228



HistoGPT – Histopathologist scoring still varies.

VII. Multimodal LLMs in Pathology

Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 
whole slide images with HistoGPT.

24 November 2025 229



PathAlign – WSI encoder for report generation. BLIP-2 approach. PathAlign-R. PathAlign-G with PaLM-2.

VII. Multimodal LLMs in Pathology

Ahmed et al., 2024. Pathalign: A vision-language model for whole slide images in histopathology.24 November 2025 230



PathAlign – uses in-house WSIs with reports. Alights text to the right WSI

VII. Multimodal LLMs in Pathology

Ahmed et al., 2024. Pathalign: A vision-language model for whole slide images in histopathology.24 November 2025 231



PathAlign – generated reports largely similar to the ground truth

VII. Multimodal LLMs in Pathology

Ahmed et al., 2024. Pathalign: A vision-language model for whole slide images in histopathology.24 November 2025 232



PathAlign – releative high lexical metrics
� Higher score doesn’t necessary guarantee
the correctness of the reports.

VII. Multimodal LLMs in Pathology

Ahmed et al., 2024. Pathalign: A vision-language model for whole slide images in histopathology.24 November 2025 233



Histopathology Reports Evaluation Metric



VII. Evaluation Metric for Pathology Reports - Motivation

24 November 2025 235

No evaluation metrics designed for automated pathology reports.

Guo, et al. 2024.

Tran, et al. 2024.

Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for
histopathology reports



VII. Evaluation Metric for Pathology Reports - Motivation
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There are medical report evaluation metrics, but mostly on Radiology.

Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for
histopathology reports



VII. HARE – Overview
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We proposed histopathology entity and relation centric evaluation metric

HARE-NER

GatorTronS-UMLS

UMLS Concepts

Entity Recognition and Relation Extraction HARE ScoreEntity Embedding and Alignment

HARE-Score
Right Breast: Grade 3 Invasive ductal carcinoma. 

ER – weak positive, GATA3 - positive, HER2 - negative.

Speciment Site: Right Breast. 
Histological Findings: Presence of atypical ductal structures. Areas 
of necrosis. 
Microscopic Description: High-grade ductal carcinoma in situ 
(DCIS) with comedo necrosis.   
Final Diagnosis: Invasive Ductal Carcinoma, Grade III. 

Expert-Score

Cosine similarity (Invasive ductal carcinoma, 
invasive ductal) = 0.9054

Pathological Diagnosis

Anatomical Site
Diagnosis Descriptor
IHC Modifier

Immunohistochemistry

NER_F1 = 0.6492
   RE_F1 = 0.6667

1.3159

4/5: Correct diagnosis with 
at least one incorrect or 
incomplete description. 

Reference

Candidate

HARE-RE

Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for
histopathology reports



VII. HARE – Dataset
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We collected and annotated 854 reports from Local Hospital and 652 reports from TCGA for training.

Diagnosis: Left kidney, partial nephrectomy due to a 5.1cm unifocal renal cell carcinoma, chromophobe type, Fuhrman grade 3/4. 

No sarcomatoid features identified, and no extra-capsular invasion. Light microscope examination shows solid sheets of eosinophilic and 

clear cells with focal punched-out perinuclear clearing, consistent with the diagnosis of chromophobe carcinoma. Immunostains show 

reactivity for CK7, no reactivity for c-Kit or RCC, supporting a diagnosis of chromophobe carcinoma. 

Pathological Diagnosis Anatomical Site Diagnosis Descriptor IHC Modifier Immunohistochemistry

Type Hospital TCGA

IHC Markers 6,945 180

IHC Modifier 1,401 173

Pathological Diagnosis 941 882

Anatomical Site 786 794

Diagnosis Descriptor 264 475

Relations 1,826 653

Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for
histopathology reports



VII. HARE – Alignment with Pathologist Score
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HARE has the best alignment with the scores of the 600 reports

Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for
histopathology reports

Code and modelPaper



Thank you



Overview

1. Report evaluation problem setting

2. Evaluation metrics (Bleu, ROUGE, BertScore, F1RadGraph, 
GREEN, RadFact, RaTEScore)

3. Practical Demonstration: How to use LLMs to evaluate 
generated reports as well as error detection



1. Report evaluation problem setting

Research:
Model Development for 

Radiology Report Generation

Clinical Practice:
Human Radiology Report 

Generation

fast, dataset/ 
metric 

orientated
careful, patient orientated 

Interpretable, 
domain specific 

Metrics



Candidate 2:
pleural effusion not present.

Candidate 1:
pleural effusion is present. 

Reference : “Pleural effusion present.”

1. Report evaluation problem setting



2. Evaluation metrics: Human

Human

0.0

Candidate 2:
pleural effusion not present.

Candidate 1:
pleural effusion is present. 

Reference : “Pleural effusion present.”

1.0

Explanation: 
“is present and 
present are the 
same”

Explanation: 
“pleural effusion is 
mentioned in the 
reference report”

Score between 0 and 1?

Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).



Reference : “Pleural effusion present.”

BLEU-2 Evaluation

0.50 0.50

Candidate 2:
pleural effusion not present.

Candidate 1:
pleural effusion is present. 

 

Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

2. Evaluation metrics: Bleu-2



Reference : “Pleural effusion present.”

ROUGE-L Evaluation

0.75 0.75

Candidate 2:
pleural effusion not 

present.

Candidate 1:
pleural effusion is present. 

 

Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

2. Evaluation metrics: ROUGE-L



Reference : “Pleural effusion present.”

BERTScore Evaluation

0.93 0.94

Candidate 2:
pleural effusion not 

present.

Candidate 1:
pleural effusion is present. 

 

Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

2. Evaluation metrics: BERTScore



F1RadGraph Evaluation

1.0 0.5

Candidate 2:
pleural effusion not 

present.

Candidate 1:
pleural effusion is present 

 

Delbrouck, Jean-Benoit, et al. "Improving the factual correctness of radiology report generation with semantic rewards." arXiv preprint 
arXiv:2210.12186 (2022).
Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

2. Evaluation metrics: F1RadGraph

Reference : “Pleural effusion present.”



CheXbertF1

1.0 0.0

Candidate 2:
pleural effusion not 

present.

Candidate 1:
pleural effusion is present. 

 

Delbrouck, Jean-Benoit, et al. "Improving the factual correctness of radiology report generation with semantic rewards." arXiv preprint 
arXiv:2210.12186 (2022).
Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

1.0

Candidate 3:
pleural effusion disappeared.

≠

2. Evaluation metrics: CheXbertF1

Reference : “Pleural effusion present.”



Our GREEN Evaluation

1.0 0.0

Candidate 2:
pleural effusion not present.

Candidate 1:
pleural effusion is present. 

 

Generative Explanation: Pleural effusion is 
marked as positive in both reference and 
candidate reports.
Error Notation: Clinically significant errors: 0. 
Matched Findings: 1. pleural effusion is 
present.

Generative Explanation: Pleural effusion is 
marked as positive in reference but negative 
in candidate.
Error Notation: Clinically significant errors: 1. 
pleural effusion should be present. 
Matched Findings: 0.

0.0

Candidate 3:
pleural effusion disappeared.

 

Generative Explanation: Pleural effusion is 
marked as positive in reference but 
disappeared in candidate.
Error Notation: Clinically significant errors: 1. 
pleural effusion should be present. Matched 
Findings: 0.

2. Evaluation metrics: GREEN

Reference : “Pleural effusion present.”



Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

2. Evaluation metrics: GREEN



2. Evaluation metrics: GREEN

Yu, Feiyang, et al. "Radiology 
Report Expert Evaluation 
(ReXVal) Dataset." (2023).



2. Evaluation metrics: GREEN

Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).



Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

2. Evaluation metrics: GREEN



Yu, Feiyang, et al. "Radiology 
Report Expert Evaluation 
(ReXVal) Dataset." (2023).

= [4.5]

=
?

reference candidate

Prompt

+

Prompt

= [4]

GREEN = 0.54

Error count (ReXVal) 

+

Clinically Insignificant Errors:
a) False report … . [int]
b) Missing a …. [int]
c) Misidentification …. [int]
d) Misassessment of …. [int]
e) Mentioning ….. [int]
f) Omitting a ….[int]

Clinically Significant Errors:
a) False report … . [int]
b) Missing a …. [int]
c) Misidentification …. [int]
d) Misassessment of …. [int]
e) Mentioning ….. [int]
f) Omitting a ….[int]

Radiologist:

GREEN Model:

2. Evaluation metrics: GREEN

Average 
Error 
count

Error 
count



Yu, Feiyang, et al. "Radiology Report Expert Evaluation (ReXVal) Dataset." (2023).
Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

2. Evaluation metrics: GREEN

Interpretable



Yu, Feiyang, et al. "Radiology Report Expert Evaluation (ReXVal) Dataset." (2023).
Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." arXiv preprint arXiv:2405.03595 (2024).

Just 8B Parameter and 
open-source

2. Evaluation metrics: GREEN

Limitations:
- currently chest xrays
- current implementation does not 

support vllm



2. Evaluation metrics: RadFact, 
RaTEScore



2. Evaluation metrics: RadFact

Llama3-70B-Instruct, no direct human metric evaluation



2. Evaluation metrics: RaTEScore

modality agnostic, efficient
not directly interpretable numeric score, lower performance



3. Practical Demonstration: 

How to use LLMs to evaluate generated 
reports as well as error detection?



3. Practical Demonstration: 



Outlook► Using metric for direct alignment 
algorithms ➡ “ChexAlign”, ACL 2025 

► Generalization of GREEN using 
self-supervised, data-efficient distillation ➡ 
“MedVal”, in submission

► Structuring Reports for better evaluation ➡ 
“Automated Structured Radiology Report 
Generation”, ACL 2025

► General Internal Signals of LLMs ➡ “Head 
Entropy”, Coming soon 🚀

👀
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VI. Enhancing LVLMs utilization: Human Computer Interaction 

24 November 2025 Kim et al., 2024. Human-in-the-Loop Chest X-Ray Diagnosis: Enhancing Large Multimodal Models with Eye Fixation Inputs. In International Workshop on Trustworthy 
Artificial Intelligence for Healthcare

Integrate the eye fixation information into textual prompts



265

VI. Enhancing LVLMs utilization: Human Computer Interaction 

24 November 2025 Kim et al., 2024. Enhancing Human-Computer Interaction in Chest X-ray Analysis using Vision and Language Model with Eye Gaze Patterns. MICCAI 2024

Heatmaps with VLMs for clinical applications
Highlight the precise focal points and duration of a radiologist’s attention when analysing a CXR

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=DdLPDagAAAAJ&sortby=pubdate&citation_for_view=DdLPDagAAAAJ:08ZZubdj9fEC


266

VI. Enhancing LVLMs utilization: Human Computer Interaction 

24 November 2025

Dynamic Eye Gaze with Video for CXR Analysis
- leverage both spatial and temporal aspects of gaze patterns



III. LVLMs in Medicine

24 November 2025 267

Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

Med-Gemini: Gemini Models in Medicine



III. LVLMs in Medicine
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Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

Med-Gemini: Gemini Models in Medicine



III. LVLMs in Medicine

24 November 2025 269

Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

More than 7 million data 
samples from 3.7 million 
medical images and cases 
is used for fine-tuning and 
further instruction-tuning of 
Gemini for medical 
applications in Med-Gemini

Signal QA        | ECG-QA (cardiology)  |  159,306   |                      | Close-ended signal QA of electrocardiograms

Med-Gemini: Gemini Models in Medicine



III. LVLMs in Medicine
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Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

Evaluation:

1. Evaluation of advanced reasoning on text-based tasks - QA, generation, summarization, simplification, 
diagnostics

2. Evaluation of multimodal capabilities- 2D, 3D, Signal QA
3. Evaluation of long-context capabilities on video and EHR tasks
4. Evaluation of Genomics “images” (polygenic risk scores (PRS) projected into 2D)

Med-Gemini: Gemini Models in Medicine



III. LVLMs in Medicine
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Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.
Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.

Example of Med-Gemini’s long-context 
capabilities on a surgical video. 

It analyzes a video clip from the Cholec80 dataset 
to assess achievement of the Critical View of 
Safety (CVS) during a laparoscopic 
cholecystectomy (a keyhole operation to remove 
the gallbladder). The model assesses whether the 
three criteria defining the achievement of the CVS 
are met, with a detailed explanation for each 
criterion separately.

Med-Gemini: Gemini Models in Medicine



Applications:

Auto-regressive Training Instruction Fine-tuning RL Fine-tuning

• Medical Decision-Making:

• Diagnosis

• Treatment Planning

• Risk Prediction

• Mortality

• Prognosis

… 

• Medical Inquiry and Response (Chatbot):

• Conversational Consultation

• Patient Education

• Virtual Coach

• Spiritual Care

• Follow-up Reminder

… 

• Medical Translation:

• Multilingual 

• Lay Translation

… 

Others

• Research Support

• Robotic Instruction 

• Clinical Trail Design

• Mental Health Support

• Research Support

• Workflow Assistant

• Note Generation

• Medical Education

• Lab Test Interpretation

• … (so many!!)

Overview

Clinical LLMs



• Architecture: Decoder-only (GPT)

• Training stage: Pre-training and Instruction Fine-tuning

• Training Objective: Auto-regressive

• Applications: MCQ exams and Chatbot (zero-shot)

• Data: Web-scale Corpus + Instruction Data (MCQs & dialoges)

PubMedBERT (2020.07)
Conference: ACL, Size: 110M/340M
Data: 3.2B tokens, PubMed + PMC

• Architecture: Encoder-only (BERT)

• Training stage: Pre-training

• Training objective: Masked token completion

• Applications: Specific fine-tuning

• Data: EHR+Medical Literature

2019-2023 2023-2025

• Technical focus: improving base model by injecting medical knowledge, i.e., collecting medical-specific data.

• Applications: Multiple choice question (MCQ) medical exams (knowledge-wise question-answering) and Chatbot

BioBERT (2019.01)
Journal: Bioinformatics, Size: 110M
Data: 18B tokens, PubMed + PMC

ClinicalBERT (2019.04)
Journal: arXiv, Size: 110M
Data: 112k clinical notes, MIMIC-IV

GatorTron (2022.12)
Journal: npj Digit. Med. Size: 8.9B
Data: >82B tokens + 6B tokens, EHRs + PubMed

…

Med-Palm (2022.12)
Journal: Nature, Size: 530B
Data: Unknown, 
Web-scale Corpus + MCQs

Close-Source

Med-Palm 2 (2023.05)
Journal: Nature Medcine, Size: 340B
Data: Unknown, 
Web-scale Corpus + MCQs

Open-Source
PMC-LLaMA (2023.04)
Journal: JAMIA, Size: 7B/13B
Data: 4.8M Papers, Literature + MCQs

MEDITRON (2023.11)
Journal: arXiv, Size: 7B/70B
Data: 48.1B tokens, PubMed + Guidelines + MCQs

GatorTronGPT (2023.05)
Journal: npj Digit. Med. , Size: 5B/20B
Data: 277B tokens, EHRs

Med42 (2023.10)
Journal:  AAAI, Size: 7B/70B
Data: 250M tokens, PubMed + MCQs + OpenOrca

MMedLM (2024.02)
Meditron:  Nature Communications, Size: 7B
Data: 25.5B tokens, Multilingual Corpus

BioMistral (2024.02)
Conference:  ACL, Size: 7B
Data: 4.8M Papers, PMC Papers + Translation

OpenBioLLM-Llama3 (2024.05)
Journal: / , Size: 70B
Data: Unknown, Medical Instruction Data

Baichuan-M1 (2025.02)
Journal: arXiv , Size: 14B
Data: Unknown, Corpus + Medical Instruction Data

Google

Stanford

Microsoft

United States Medical Licensing Examination

Expert
85

With the advancements by various 
medical LLMs, we have finally surpassed 
expert-level performance in 
medical exams !

The Pre-training Era (2019 - 2025)



Method:

2025.05: MedGemma
MedGemma 27B has been trained 
exclusively on medical text and optimized 
for inference-time computation. 

2025.05: m1 (test-time scaling)
Prompt the model to perform test-time scaling through thinking step-by-step. 
Build up reasoning MCQ data through prompting general LLMs and filtering.

Unknown: 

2025.05: MedReason (instruction + RL)
Utilize a structured medical knowledge graph (KG) to convert clinical 
MCQ pairs into logical chains of reasoning. 
Trace connections from question elements to answers via KG entities. 

2024.12: HuatuoGPT-o1 (instruction + RL)
Distill general reasoning LLMs + medical verifier by prompting GPT-4o.
RL through verifiable medical questions
Construct a 40K medical verification dataset from MCQs

The Post-training Era (2025 - now)

• Technical focus: improving the model’s reasoning ability.

• Applications: serious and practical clinical tasks.



2025.01
Develop a 176B medical diagnosis LLM 
through pre-training and SFT

2025.03
Benchmark how the lab results affect the 
DDx prediction for LLMs

2025.04
Conversational diagnosis by simulating 
patients and doctors to generate 
instruction data, with a rule-based reasoning 
chain and multi-turn interaction.

2025.04
Articulate Medical Intelligence 
Explorer (AMIE), language model, 
optimized for diagnostic reasoning.

Clinical Decision-making:

2024.07
Evaluation LLM Decision-making 
ability leveraging EHR data.

2025.05
Evaluate LLMs’ decision-making ability 
for triage and referral, and diagnosis, 
with EHR data (MIMIC-ED).

2025.04
Test DeepSeek in clinical 
decision-making with 125 patient 
cases

2024.10
Evaluation LLM clinical 
recommendation ability leveraging 
EHR data (10,000 Emergency 
Department visits from MIMIC-ED).

The Post-training Era (2025 - now)

Diagnosis:



Holistic Clinical Task Collection:

2025.01
Systematically curate different existing bioNLP tasks and build up a new 
wide clinical task coverage instruction dataset.

Clinical Trial:

2024.11
Leverage LLMs to match 
patients with clinical trials 
with prompt engineering.

Patient Interaction:

2024.11
Build up a conversational 
interaction evaluation 
frame, reflecting how LLMs 
can interact with 
patientswork to evaluate.

The Post-training Era (2025 - now)

2025.03
Build up Me-LLaMA through 
pre-training and instruction 
tuning with multiple clinical 
text analysis tasks.



2025.01:
Integrate metacognitive tasks into 
multiple-choice medical questions.

Current models exhibit a critical 
disconnect between perceived and 
actual capabilities in medical 
reasoning.

Evaluating final accuracy on reasoning-wise questions:

Reasoning quality comparison: 
2025.04:
Answering questions from the 
United States Medical Licensing 
Examination (USMLE), 
interpreting the basis of text-based 
diagnostic and management cases, for 
tumor classification,  and report 
summary.
Manually rate the reasoning quality

2025.05:
Train a BERT classifier to 
disentangle the 
reasoning-wise MCQs from 
MCQ benchmarks. 

2025.02:
Leverage real case report to benchmark the clinical decision-making for 
diagnosis, treatment, and examination recommendations
Quantify reasoning quality using agentic auto-metrics enhanced by web search.

2025.01:
Organize a new expert-level 
reasoning MCQ dataset 

The Post-training Era (2025 - now)

• Technical focus: improving the model’s reasoning ability.

• Applications: serious and practical clinical tasks.



Generative Visual-Language Models in AI4healthcare

Credits to @Chaoyi Wu, Jinghao Feng, Ziqing Fan, Haoning Wu

Annual Progress Report on AI4Healthcare



Medical MLLMs-Preliminary Goal 

Signals ImagesOmicsGraphs TextsAudios

A Generalist Medical 
Foundation Models

Medical Knowledge

Link / InjectionInteraction

Text: Diagnosis, Report…

Visual: Segmentation, Detection…

One modal for all Strong generalization Comprehensive knowledge



Trend 
Task-specific small models
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Trend 
Task-specific small models CLIP-based models

Large Foundation Models
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ConVIRT2020.9. MedVInT 
7B, 2023

227k VQA pairs
30+ imaging modalities

LLaVA-Med 
7B, 2023

VQA/Captioning/
Multi-round chat/

Reasoning/Multi-lingual
660k image-text pairs

MedFlamingo 
9B, 2023

few-shot VQA/reasoning/
Multi-modal context
>2M image-text pairs
49+ data modalities

RadFM 
14B, 2023

16M 2D & 3D images
17 medical systems

5 medical tasks

CheXagent 
14B, 2024

8,5M triplets
12 medical tasks

MedDr 
40B, 2024

2M instruction tuning
Retrieval-Augmented

7 medical tasks

2023.5 2023.6 2023.7 2023.8
2024.1

2024.4

More Parameter More Data More Modalities More Tasks

BioMedGPT 
182M, 2023

VQA/Text/
Captioning/Classification
271k image-text pairs 

Nature Medicine

Communications
Medicine

NeurlPS

PMLR

Nature
Communications

preprint

preprint

A comprehensive 
survey of large 
language models and 
multimodal large 
language models in 
medicine." Information 
Fusion (2024)

A scaling “party” in 
data, model sizes and training pipeline. 



Recent Progress and Future Directions 
Reasoning Enhancement

Output: 

Reasoning Processes: 
To determine if the chest X-ray shows cardiomegaly, it's crucial to 
analyze the size of the heart. The key indicator is the cardiothoracic 
ratio, which is the ratio of the maximal horizontal cardiac diameter to 
the maximal horizontal thoracic diameter. In a normal PA chest X-ray, 
this ratio is expected to be less than 0.50 …

Therefore, the answer is A) Yes

Previous Model Output:

Reasoning-enhanced Model Output:

Does this chest X-ray show cardiomegaly?
Options:
A) Yes

B) No

Output: A) Yes

Result-only

Original Clinical Visual Question:

Low Level Patterns

High Level Diseases



Recent Progress and Future Directions 

[1] Lai, Yuxiang, et al. "Med-r1: Reinforcement learning for generalizable medical reasoning in vision-language models." arXiv preprint arXiv:2503.13939 (2025).
[2] Pan, Jiazhen, et al. "Medvlm-r1: Incentivizing medical reasoning capability of vision-language models (vlms) via reinforcement learning." arXiv preprint arXiv:2502.19634 (2025).
[3] Zhang, Wenchuan, et al. "Patho-R1: A Multimodal Reinforcement Learning-Based Pathology Expert Reasoner." arXiv preprint arXiv:2505.11404 (2025).
[4] Fan, Ziqing, et al. "ChestX-Reasoner: Advancing Radiology Foundation Models with Reasoning through Step-by-Step Verification." arXiv preprint arXiv:2504.20930 (2025).

MLLM for reasoning with outcome RL[1-3] MLLM for reasoning with process RL [4]

Chest X-ray  VQA+Interpretation [4] (2025.05)Radiology VQA [1-2] (2025.02 & 05) Pathology VQA [3] (2025.05)

Reasoning Enhancement


