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0. Background &

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

Med-Gemini

score on MedQA
benchmark

Advancing medical Al with Med-Gemini



https://research.google/blog/advancing-medical-ai-with-med-gemini/

0. Background &

Med-Gemini can cover not only medical text but also various types of medical images

Medical Modalities
& Knowledge

Med-Gemini Applications
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https://arxiv.org/abs/2405.03162

0. History of LLM &

Transformer revolutionized Natural Language Processing (NLP) with pre-training
Attention : 2014
Q 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

X
performance.
« GPT (Generative Pre-trained Transformer): OpenAl released the first GPT model in )
2018, employing unsupervised learning on vast amounts of text data. Transformer : 2017
It showed the potential of large-scale pre-training. DQCOdNOder
+BERT (Bidirectional Encoder Representations from Transformers): @ O pen AI
Google introduced BERT in 2018, utilizing bidirectional training
to capture deeper contextual relationships. The 15t model to outperform humans. GPT : 2018 | 2
- Open Al 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 ‘
Model Model Size Training Corpus Size GPTZ ) 2019 BERT : 201 8
BERT Base : 110M Large : 330 M | 16GB Books and Wikipedia l l
ROBERTa | Base :123M Large :353M | 160GB Web Crawi GPT3 : 2020 RoBERTa : 2019
GPT 1M7™ 4.6GB BookCorpus
P12 T500M 20GE Fitered Craw Generative Tasks Discriminative Tasks
GPT3 175,000M 753GB Crawl, Books, Wiki Translation Sentence Classification
Summarization Token Classification (e.g. NER)

24 November 2025 4



0. History of LLM

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

laws laws
Attention Is All You Need since since
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making making
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24 November 2025 Transformer [1706.03762] Attention Is All You Need (arxiv.org) 5

BertViz https://qithub.com/jessevig/bertviz


https://arxiv.org/abs/1706.03762
https://github.com/jessevig/bertviz

0. History of LLM &

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

Key Value Similarity
Human Homo sapiens 0
Query: Mouse JoLEE Mus musculus 1
Round worm | Caenorhabditis elegans |0
Fruit Fly Drosophila melanogaster |0
result = Z similarity(key, query) * value A(q,K,V) = z softmax(f(K,q))V

1 1

24 November 2025 6



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

Vaswani et. al 2017, “Attention Is All You Need”

Key-Value Attention
Keys  Val Will be able to
Differentiate
D%ejryj ]
EEEE

— Arrows are modulated by attention

24 November 2025 Compositional Attention: Disentangling Search and Retrieval | Mila 7



https://mila.quebec/en/article/compositional-attention-disentangling-search-and-retrieval

0. History of LLM

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

Pre-training
Unsupervised
learning

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

Supervised
Fi netu ning Cell type Species Gene/Protein DNA Drug/Chemical Disease

Autophagy maintains tumour growth through circulating arginine. Autophagy captures intracellular components and delivers them to

A Sma” number - lysosomes, where they are degraded and recycled to sustain metabolism and to enable survival during starvation1-5. Acute, whole-body
(""1 0,000 examples) - deletion of the essential autophagy gene Atg7 in adult mice causes a systemic metabolic defect that manifests as starvation intolerance
Of |abe|ed data for 'I and gradual loss of white adipose tissue, liver glycogen and muscle massl. Cancer cells also benefit from autophagy.
specific task Biomedical entity recognition

24 November 2025 Introduction to Sentence-BERT (SBERT) https://www.searchcandy.uk/nlp/sentence-bert/ 8

BERNZ2 http://bern2.korea.ac.kr/


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

0. History of LLM

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

Zero-shot One-shot Few-shot

Language Models are Unsupervised Multitask Learners

s 175B Params

Natural Language

LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8 WikiText103 1BW 60 Prompt P S 2
(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB)  (BPC) (PPL) (PPL) \ / 7
SOTA 99.8 59.23 85.7 823 39.14 46.54 0.99 1.08 18.3 21.8
117M 35.13 45.99 87.65 834 2941 65.85 1.16 1.17 37.50 75.20 § L
345M 15.60 55.48 92.35 87.1 22.76 47.33 1.01 1.06 26.37 55.72 8 . \
762M 10.87 60.12 93.45 88.0 19.93 40.31 0.97 1.02 22.05 44.575 3 NE Piiibt
1542M 8.63 63.24 93.30 89.05 18.34 35.76 0.93 0.98 17.48 42.16 < k
Table 3. Zero-shot results on many datasets. No training or fine-tuning was performed for any of these results. PTB and WikiText-2
results are from (Gong et al., 2018). CBT results are from (Bajgar et al., 2016). LAMBADA accuracy result is from (Hoang et al., 2018) 7
and LAMBADA perplexity result is from (Grave et al., 2016). Other results are from (Dai et al., 2019). - == 1.3B Params
0 Pz ——
0 10° 10'

G PT2 Number of Examples in Context (K)
GPT3

$05M $5M

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

24 November 2025 GPT2 language_models_are_unsupervised_multitask_learners.pdf (openai.com) 9
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

0. History of LLM &

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

Acetaminophen — Drug
Few-shot

learning

Homo sapiens — Species
Escherichia coli —?

1 ~10 examples
shown

Zero-shot
learning

0 examples are
shown

Escherichia coli - ?

24 November 2025 10



£Claude

BBBBBBBBBBB

Proprietary models

The privacy concerns with the patient data
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|. Background - Prompting

Context matters

° Describe CNN

Show drafts v o)

* I'm still learning how to answer this question. In the meantime, try Google Search.

° BBC: British Broadcasting Corporation a major British public service broadcaster. °

Based on the example above, describe CNN

* CNN is an American multinational news channel headquartered in Atlanta, Georgia. *
Unlike the BBC, which is a public service broadcaster, CNN is a commercial news
network owned by Warner Bros. Discovery Wikipedia. It provides 24-hour news
coverage on a variety of topics including US and international politics, business,
health, entertainment, and more. CNN can be accessed through cable television, its

website, and its mobile app.

RNN stands for Recurrent Neural Network. It's a type of artificial neural network
specifically designed to handle sequential data.

Based on the example above, describe CNN
Show drafts v

RNN, which stands for Recurrent Neural Network, is a type of artificial intelligence
model unlike CNN, which is a Convolutional Neural Network. RNNs are designed to
process sequential data, like text or speech, by considering the order and
relationships between elements. In contrast, CNNs excel at analyzing grid-like data,
typically images, by identifying patterns and extracting features within that

structure.

24 November 2025 Chat generated using Gemini
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|. Background - Prompting

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

© UCL typically refers to University College London, a prestigious research university in London,
England. It's renowned for its academic excellence and contributions to various fields, including
science, engineering, medicine, arts, and humanities. UCL consistently ranks among the top
universities globally and has a rich history dating back to 1826. Is there something specific you'd
like to know about UCL?

174 Wembley

& Wembley is a famous area in northwest London, England, best known for Wembley Stadium, one
of the most iconic sports venues in the world. The original Wembley Stadium, often referred to
as the "Empire Stadium," was opened in 1923 and hosted numerous historic events, including
the 1948 Summer Olympics and the 1966 FIFA World Cup Final, where England won its first and
only World Cup title.

UCL

&) Ah, | see. "UCL" could also refer to the Union of European Football Associations (UEFA)
Champions League, often abbreviated as "UCL." It's an annual club football competition

organized by UEFA and considered one of the most prestigious tournaments in the world. The

24 November 2025 Chat generated using ChatGPT 14



|. Background - In-context learning

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

Banana - Yellow

Apple - ?
Apple - 7
& Apple is a multinational technology company known for designing, manufacturing, and
marketing a range of consumer electronics, software, and services. Founded by Steve Jobs, Steve
Wozniak, and Ronald Wayne on April 1, 1976, Apple has since become one of the world's most @ App|e - Red

valuable companies.

Some of Apple's iconic products include the iPhone, iPad, Mac computers, Apple Watch, and
Apple TV. The company also offers a variety of software services like 10S, macOS, watchOS, and
tvOS, as well as services such as iCloud, the App Store, Apple Music, Apple TV+, and Apple
Arcade.

Apple is renowned for its commitment to design excellence, user experience, and innovation,
with a focus on creating seamless integration between hardware, software, and services.
Additionally, Apple has a strong emphasis on privacy and security, often positioning itself as a

champion of user data protection.

24 November 2025 Chat generated using ChatGPT 15



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

!?ather than aSkmg a Stralght gnS\:cver for the C]l:leStlon, 0 Formula for Acetaminophen is C8HINO2, where C is 12 g/mol, H is 2 g/mol, N is Y4
I yOU aSk Step by Step re.asomng or the queStlon’ 14g/mol, and O is 16g/mol. What is the molecular weight of it? Give me step by step
the performance can be improved. calculation of the weight.

Show drafts v )

§ Absolutely, here's the step-by-step calculation of the molecular weight of

° What is the molecular weight of Acetaminophen?
Acetaminophen (CBHINO?2):

1. Calculate the weight contribution of each element:

o

Carbon (C): 8 atoms * 12 g/mol (weight of C) =96 g
Hydrogen (H): 9 atoms * 2 g/mol (weight of H) =18 g
Nitrogen (N): 1 atom * 14 g/mol (weight of N) =14 g
Oxygen (0O): 2 atoms * 16 g/mol (weight of O) =32 g

o}

* I'm a text-based Al, and that is outside of my capabilities.

o

o

2. Sum the weight contributions of all elements:
Molecular weight = Weight of C + Weight of H + Weight of N + Weight of O
Molecular weight =96 g+18g+14g+32g=160g

There seems to be a slight discrepancy in the provided information.

According to the formula (C8HINO2), the calculation above yields a molecular
weight of 160 g/mol. However, several reliable sources, including the National
Institute of Standards and Technology (NIST), PubChem, and Sigma-Aldrich, all list

the molecular weight of Acetaminophen as approximately 151.16 g/mol [1, 2, 4].

24 November 2025 Chat generated using Gemini 16



Background - Prompting vs Instruction tuning

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

(A) Pretrain-finetune
(" %,

| Pretrained Finetune on , Inference C) Instruction tunin
‘ Instruction-tune on

Requires large dataset of Pretrained 5 . Inference
L task-spemflcgexamples "'Ba,'a%'sks on task A

Model learns to perform Inference on
A many tasks via natural unseen task
(B) Promptlng B language instructions
( Improve performance 20\
via few-shot prompting
Pretrained or prompt engineering Inference
LM » ontask A
Q 9
Prom ptl ng. model Finetune on many tasks (“instruction-tuning”)
L] , £ . \
Welght doesn’t get Input (Commonsense Reasoning) = Input (Translation
Here is a goal: Get a cool sleep on Translate this sentence to Inference on unseen task type
u pd ated summer days. - Spanish: - Input (Natural Language Inference)
How would you accomplish this goal? | The rl;eylv gff:ce bur:ldm?1 Premise: At my age you will probably
OPTIONS: was bulltiin less than three have learnt one lesson.
-Keep stack of pillow cases in fridge. months. - .
= = Hypothesis: It's not certain how many
-Keep stack of pillow cases in oven. Target . | lessons you'll learn by your thirties.
Target El nuevo edificio de oficinas Does the premise entail the hypothesis?
keep stack of pillow cases in fridge se construyo en tres meses. OPTIONS:

-yes | [ -it is not possible to tell | [ -no

FLAN Response
It is not possible to tell

Sentiment analysis tasks
Coreference resolution tasks

Instruction Dataset : Input and Target paired instructions for many tasks

24 November 2025 Wei et al., 2021. FLAN Einetuned Lanquage Models Are Zero-Shot Learners 17


https://arxiv.org/abs/2109.01652

|. Background - Prompting vs Instruction tuning

FLAN: Trained with 62 Datasets for 12 tasks.

i/

(Ngggrgl language infgrgngg\ Ggmmgnggng;\g Sentiment \( w\ KCI -book A) KM\ i Translation E
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3))(_ RTE  )[{(_ CoPA )[|(_ IMDB J||( MRPC )||(ARC (easycnal)) || (CommonGen ) || (ParaCraw ENDE )
(cB ) SN )f|(Hellaswag ){|(_ Sent140 )[|( aQarp )||( NQ )||(_ DART )||(ParacrawENES)
(MmN ) wN ) PieA I ssT2 ([ PAawS )||( TQA )||( E2ENLG )||(ParaCrawi ENFR)
NLI I Yel L 2
é Q ) y &StOWC oze)J & elp )J LC STS-B )J L ) \( WEBNLG )) Ewrvme EN/CS%
WMT-16 EN/DE
@ Reading comp. A Gead. comp. w? FCoreference\ i Misc. B ( Summarization h (WMT_16EN/F|)
(5 datasets) commonsense (3 datasets) (7 datasets) (11 datasets)
(" BoolQ )(OBQA)|| (2datasets) || ppr )| ((CoqA )(TREC)| | (_AESLC ) (Muiti-News ) (_SamSum ) EWMT'WEN’RO%
: (QuAC )(CoLA )| | C_ AG News ) ( Newsroom ) (WikiLingua EN) | | ( WMT-16 EN/RU
( DRQP )(SQuAD)| [ ( CosmosQA ) | | ( Winogrande ) CWIC 3 Math ) | (CNN-DM ) Conmsor e (XS0 ) | | (vt Erere)
kC ReCoRD )) kC WSC273 )) (Fix Punctuation (NLG))) k( Gigaword )(Opin-Abs: Movie)

=

- )

24 November 2025
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https://arxiv.org/abs/2109.01652

|. Background — Retrieval Augmented Generation (RAG)

Retrisial Augimented Generation RAG essentially couples information retrieval
> O mechanisms with text generation models.

Response

ey + 5] 5-: sy uer 1, Vector database: external knowledge base

< < and vectorization

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

éﬂ 3. Retrieval component: a retriever that

seareh scans the vector database and get relevant

V 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

@ Pre-training

M ive dat t i
assive datase Breckrained LM Retrieval Model

relevant docs

Knowledge Base

24 November 2025 19



|. Background — Retrieval Augmented Generation (RAG)

For example
Combination
Query | | Retriever | [CLS] The [MASK] at ' Generator | |  Answer
The [MASK] at | | Neural e the top of the pyramid | Knowledge- | g
the top of the Knowledge [SEP] The pyramidion Augmented P =
pyramid. Retriever on top allows for less Encoder PYrRaIseon
r material higher up the
retrieve | pyramid.
I
Textual
knowledge
Corpus

24 November 2025 20



|. Background — Retrieval Augmented Generation (RAG)

Advantage of RAG: Disadvantage of RAG:

* Minimizes hallucinations e Complexity on large-scale database
e Up-to-date knowledge e Potential bias

e Domain-specific responses e Handling ambiguity

e Interpretable

e Cost effective

24 November 2025 21



|. Background — Alignment Tuning (post-training)

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

Step 1 Supervised Fine-Tuning Step 2 Training a Reward Model Step 3 Optimize Policy

v ol
w —» > Prompt /
-/' t“l J’ - Answer 1 = Answer 2 //

Prompt
Collect human Answer 2 / i
demonstration data Collect human preference data /

u 1L - m é
. é / Answer 1 \l . (_ —’ L — // tml

(o \\

SFT

l I~
_ v Reward «—
é Supervised é é Supervised é Do &
tml Fine-tune tﬂl Y'm Fine-tune Y‘ﬂl .l‘\
e s:2 aD ao ao K RM
Base LLM SFT Base LLM RM

4

PPO

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



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

|. Background — post-training approaches

Approach

SFT

RLHF

DPO-style

RLAIF

Continual /| Domain Adaptation

Safety Training

Tool-use

MoE fine-tuning

Purpose

Teach tasks, supervision

Align with human preferences

Align without RL

Scale alignment with Al judges

Specialize or update

Reduce harm

Enable external capabilities

Efficient scaling

Key Concepts @

Instruction tuning, next-token loss
Reward model, PPO, rankings
Preference pairs, stable training
Synthetic preferences, low cost
LoRA, PEFT, catastrophic forgetting
Refusal policies, red-teaming
Function calling, RAG

Sparse experts, routing

GPT summarised

23



|. Background - LLM Benchmark in Medicine

Benchmarks for the comprehensive assessments of LLMs' ability

MedQA MedExQA
=5-way MCQ from US Medical License Exams =Evaluate LLMs understanding of medical knowledge through
-Focused on diagnosis explanations
Prompt with Question —-Each question paired with two explanations

The following are multiple choice questions -Five distinct specialties sourced from practice exams
(with answers) about medqa.

Question: A 67-year-old man with transitional
cell carcinoma of the bladder comes to the
physician because of a 2-day history of ring- Expected Response: D and Model’s Explanation...
ing sensation in his ear. He received this first
course of neoadjuvant chemotherapy 1 week
ago. Pure tone audiometry shows a sensorineu-
ral hearing loss of 45 dB. The expected benefi-
cial effect of the drug that caused this patient’s
symptoms is most likely due to which of the
following actions?

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

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.

A. Inhibition of proteasome Explanation B [The thyroxine (T4) test usingradioactive isotopes is a diagnostic tool usedto assess
B. Hyperstabilization of microtubules thyroid function. Thyroxine is a hor-mone produced by the thyroid gland, and itslevels
8 Benembomiliceraticas can be indicative of thyroid health. Hy-perthyroidism is a condition where the
D.:Cioss:linkinie oE DNA thyroidgland is overactive and produces excessiveamounts of thyroid hormones,
A;mwer- . including T4.Therefore, the test is particularly relevant fordiagnosing and monitoring
Expected Response: D hyperthyroidism.

24 November 2025 Jin et al., 2020 [2009.13081] MedQA 24

Kim et al., 2024 [2406.06331] MedExQA


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

|. Background - Llama

Meta’s Llama models has been leading open-source LLMs
Freely available to research community as well as for commercial use.
Llama-3 8B outperformed GPT-3.5

Model
Llama 4 Scout
GPT-3.5
GPT-4 , : .
Llama-2 Class-leading natively multimodal model that
Llama-2 offers superior text and visual intelligence, single
Llama-3 H100 GPU efficiency, and a 10M context window
Llama-3 for seamless long document analysis.
LLaMA 4 (Sco

LLaMA 4 (Mave

Llama 4 (Behen
Download

Open Source GPT
00 OPT : 2022.05
Size : 175B
l Science Model

Galactica : 2022.11
Size : 120B

-Shot l 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-2 comapaiable to ChatGPT
Llama-3 : 2024.04
Size : 8B, 70B

|
Llama-4 : 2025.04

Size : 109B-2T(still training)

Native Multimodal / Multilingual / Reasoning

24 November 2025 Meta Llama 3 https://llama.meta.com/llama3/
Kim et al., 2024 [2406.06331] MedEXQA

Llama 4 https://www.llama.com/models/llama-4/ 25



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

|. Background - Phi &

Microsoft’'s Phi models claimed the era of Small Language Model (SLM) = Invested $1B in OpenAl : 2019.07
Phi-3 - Used synthetic textbooks and high-quality web data to train a model with similar structure as Llama-2 Exclusive Right for OpenAl's model
MedPhi-2 — Comparable performance to GPT-3.5 in human evaluation of MedExQA + Trained thir oun model
KnowMedPhi-3 — Our latest model (currently under development) Turing-NLG : 2020.02

: Size : 16B
Model Size Release Date g:::rs?zr; MedQA 0-shot MedExQA 0-Shot | Collaboration with NVIDIA
GPT-3.5 N/A 2022.11. N/A 50.8 66.7 Megatron-Turing NLG: 2022.02
GPT-4 N/A 2023.03. N/A 78.9 81.4 Size : 530BI o $108 (2023.01
Llama-2 708 2023.07. 2T Tokens 51.0 70.7 | NowBing usina GPTA 2023.02
Llama-2 7B 2023.07. 2T Tokens 276 417 _ Switched to SLM
Llama-3 708 2024.04. 15T Tokens N/A N/A Phi-1 and 1.5: 2023.06, 2023.09
Size 1 3B Phi1 was for coding
Llama-3 8B 2024.04. 15T Tokens 525 73.9 -1 | Sighty largermoce
Phi-2 2.8B 2023.12. 1.4T Tok 30.9 53.4 :
L oKens Phi-2 : 2023.12
MedPhi-2 ‘OUI' 0wn[ 2.8B 2024.02. 110M Tokens 34.3 96.1 Slze . 2 BB No paper is available for Phi2
Phi-3 14B 2024.05. 4.8T Tokens 64.2 77.2 "
KnowMedPhi-3 (Our Own)  14B 2024.07 126M Tok 67.2 77.9 4 fargermoce
nownie |- ur Own Ufl. oKens . . . .
= R — 188 204,04 33T Tok 52 73 Phi-3 : 2024.04 Phi-4 : 2024.12,
|- . U4, . oKens . . . .
— Size : 3.8B, 7B, 14B Size : 14B
KnowMedPhi-3 (Our Own) 3.8B 2024.07. 126M Tokens 50.6 75.0 . .
g s 202412 reasoning/multimod
' al models in 20f§
24 November 2025 Abdin et al., 2024 [2404.14219] Phi-3 Technical Report

Kim et al., 2024 [2406.06331] MedExQA


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

Qwen 4

Release Date | Pre-train MedQA MedQA
Data Size (official) (community)

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

Qwen-1.5 0.5B-110B Dec 2023 ~3T tokens 72B: 48.9% ~50-55%
(7B/14B/72B)
Qwen-2.0 0.5B-72B Jun 2024 ~7T tokens Not published ~60-65%
(7B/57B/72B)

https://chat.qwen.ai/  qwen-2.0 0.5B-32B  Jun 2024 ~7Ttokens  Not published ~45-55%
Coder
Qwen-2.5 0.5B-72B Nov 2024 9-15T Not published ~68-72%
(0.5B—72B) tokens (medical exam

only)

Qwen3-235B-A 235 Billion April 2025 Up to 36
22B (MoE) (22B active) Trillion

https://huggingface.co/collections/Qwen/qwen 27


https://chat.qwen.ai/

Benchmark - HELM

Model Mean win rate

Holistic Evaluation of
DeepSeek R1 0.662 Large Language Models

for Medical Tasks
03-mini (2025-01-31) 0.66

Claude 3.5 Sonnet

0.632
(20241022) _
MedHELM comprises a
P Models Elaude 377 Sonpat o structured taanomy with
' - 5 categories
(20250219) g ,
: - 22 subcategories
GPT-40 (2024-05-13) 0.579 - 121 distinct clinical tasks
- 35 distinct benchmarks
Gemini 2.0 Flash 0.431 (14 private, 7
» gated-access, and 14
GPT-40 mini (2024-07-18) 0.372 .
public)
Llama 3.3 Instruct (70B) 0.301
Gemini 1.5 Pro (001) 0.235
SEE MORE

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



Benchmark - opencompass

'45(\;‘ O p e n C o m p a s S CompassBench Leaderboard  25-10v  Allv

Overall Score

J) GPT-5-2025-08-07 (Thinking) 71.0
H HY P H OpenAl API
led by Shanghai Artificial Intelligence Laboratory New P

(_/}, 03-2025-04-16 (high) 69.8

~
o OpenAl API
Multidimensional Metric System ) oLm-a6 69.3
Evaluation dimensions range from fine-grained technical metrics to system level application performance, ensuring the New ZhiPUAI Weights

depth and breadth of evaluation
Qwen3-235B-A22B-Thinking-2507 68.9
Language 1 Alibaba Weights
Industry Verticals j o Claude Sonnet 4.5 (Thinking) 68.4
////F\\@L\ : ) ‘ Reasoning New Anthropic API
Al Computing System e \ B - “Mathematics
£ ~ : \ 04-mini-2025-04-16 (high) 68.3
\ Coding New OpenAl RE
Instruction Following
iFlytek-Spark-X1preview-Think-1025 67.9
General Perception New iFLYTEK API
Spatial Perception
DeepSeek-R1-0528 67.5
Visual Quality Perception DeepSeek Weights
Information Graphic Perception
Doubao-Seed-1.6-251015 (Thinking) 67.3
Multimodal Reasoning
Embodied Intelligence hew ByteDance AR
Multimodal Creation

Model Arena Grok-4 66.8
XAl API

https://opencompass.org.cn/home 2



Error Detection and Fact Checking with Knowledge Graph

Honghan Wu D [
School of Health and Wellbeing, University of Glasgow
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Motivation: the need for error detection in radiology

Radiologist
; Findings: Lung volumes are very Ilow,
exaggerating cardiomediastinal silhouette and
pulmonary vascular markings. Linear density in
" Prob1: the right lower lung field very likely represents
istakes made - -»| edema. The patient's chin obscures the medial
by radiologist portions of the lung apices. No pleural effusion or

pneumothorax is detected. Lower thoracic
vertebra plana is chronic. Right humeral head

hardware is noted.

Impression: Markedly low lung volumes, with
'right lung atelectasis.l. - ~~<srsomantnnssacataas - Prob 2: Inconsistent

impression with findings

Radiology report

Chest radiograph

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).



FINDINGS: 1\
Possible right pleural effusion. I
There is atelectasis at the right upper lung... |

IMPRESSION:
More atelectasis at the right lower leg then
previous radiograph.

|
i
i
=

oooooooooooooooooooooooooooooooo

................ iwmwm MedAutoCorrect
o Image-conditioned autocorrection in medical
Possible {right pleural effusion}. reporting

There is atelectasis at the {right upper} lung...

IMPRESSION: Arnold Caleb Asiimwe!, Didac Suris Coll-Vinent "2, Pranav Rajpurkar3, Carl Vondrick',
More atelectasis at the {right lower leg} then

: . : 1Columbia University, °Meta Al, 3Harvard Medical School
previous radaiograpn.

Machine Learning for Health Conference (MLHC) 2024

o e s

uol}oa.ilod0iNe
|E2IPOW pauoipuUod-abew|
Lo o o o o e o e e - — -

oooooooooooooooooooooooooooooooo

FINDINGS:
Possible left pleural effusion.
There is atelectasis at the left lower lung...

~
\ﬁl"““““

IMPRESSION:
More atelectasis at the left lower lung than
4 previous radiograph.

~

~

32
Overview of the DETECT + CORRECT approach followed in medical autocorrection



Knowledge Graph
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A W3C'’s vision — Semantic Web
WiC

> Pl o) 055/1651

Tim Berners-Lee: The next Web of open, linked data

318,726 views * 13 Mar 2009

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

e Ontology: Describe the concepts and
their relationships in a particular

domain
e Computation: reasoning (set/ rule)

Heart subClassOf Heart
Attack Diseases

User interface and applications

Trust

Proof

Unifying Logic

Ontologies: Rules:
Querying: OWL RIF/SWRL
SPARQL
Taxonomies: RDFS

Data interchange: RDF

Syntax: XML

Identifiers: URI Character Set: UNICODE

AydeiboydAip

Semantic Web Technology Stack




Knowledge Graph - a simple example

_| y
' rdfs:subClassOf _ rdfs:range @
O Diseases
§<> rdfs:subClassOf rdf:type
Heart — Heart
Attack = Diseases 1 suffersFrom
|
I rdfs:domain
suffersFrom I
' suffersFrom /
' /
________________ i ettty Mot
. /’
firstName 27 rdftype
Tom —» Tom Smith -

@)
O dateOfBirth
X 1987-01-02




How can it help? - an example using semantic query

XO0YH-1

XO0H-V

Myocardial
infarction

preferredName

- MhasDocument

(Valproic acid) (Mood stabilizing drug) SNOMED CT
A1 - 13965000 subClassOf 358927005
(Myocardial infarction) . (Myocardi.al infarction) NCBO
A2 - HP_0001658 equivalentClass UMLS:C0027051
(Myocardial infarction) (Heart diseases) UMLS
A3 - C0027051 subClassOf C0018799
Lem T T TS - R < Queries:
C0018799 )} ‘(398927005 )} Q1: Any patients on mood stabilizer?
R e i Q2: Any possible cardiovascular side effects
| subClassOf | SubClassOf of mood stabilizers?

preferredName
—>| Valproic acid

HP_000165
8

13965000

mentions hasPrescription




Beyond subClass inference...

hasCondition
treats =
thent OD—)CmavmrD—)(Hep C>
rdf:type l rdf:type

T > Comr

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



Beyond subClass inference...

— o
- b

=
———
-

Blocked brain
blood vessel

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




Linked Open Vocabularies

731 Vocabularies in LOV

Open and
linked T-Box

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



BioPortal

O BioPortal Ontologies Search Annotator Recommender Mappings

Welcome to BioPortal, the world's most comprehensive repository of biomedical ontologies

| |
Search for a class Find an ontology B I O I I l e d I Ca

Enter a class, e.g. Melanoma Q Start typing ontology name, then choose from list Q
Advanced search [ Browse ontologies ¥ I I — B OX e S
Ontology visits (September 2024) Statistics

MEDDRA Ontologies m
SNOMEDCT Classes
RXNORM Properties

NDDF

EDAM

g 5,000 10,000 15,000 =0 S (aS Of OCt 2024)

More

https://bioportal.bioontology.org



Open A-Boxes

(%] More image

(#
A
w

DBpedia
@ wiki.dbpedia.org

DBpedia is a project aiming to extract structured content from the
information created in the Wikipedia project. This structured
information is made available on the World Wide Web. Wikipedia
Operating system: Virtuoso Universal Server

Stable release: DBpedia 2016-10 / 4 July 2017

License: GNU General Public License

Written in: Scala, Java, Virtuoso Universal Server

Developer: Leipzig University, University of Mannheim, Séren Auer,
Jens Lehmann, Georgi Kobilarov, Chris Bizer

Written in: Java, PHP, Scala

People also search for View 10+ more

- G @

Wikidata Freebase Amazon Google World
Web Bank
Services

PRRARRRE

[ .

[ —
| I I I I :
supen, v T

WIKIDATA
Wikidata <

@ wikidata.org/wiki/Wikidata:Main_Page

Wikidata is a collaboratively edited multilingual knowledge graph
hosted by the Wikimedia Foundation. It is a common source of open
data that Wikimedia projects such as Wikipedia, and anyone else,
can use under a public domain license. Wikidata is powered by the
software Wikibase. Wikipedia

Founded: 29 October 2012; 8 years ago

Available in: Multiple languages

Editor: Wikidata editors

Types of site: Knowledge base, Wiki

People also search for

3 O
i 8

e) -+v QP

Wiktionary

View 10+ more

W ok o 66 v word’

Wikipedia Wikimedia  Wiktionary =~ Wikimedia  Wikibooks
Commons Foundation

Feedback

(&) More images

The Linked Open Data Cloud

The cloud currently
contains 1346 datasets
(as of Sep 2024)



“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.
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The knowledge graph from radiology report

.............................................................................................................................................................................................................................................

. Chest 1 view, 8/21/2011 REPORT ; ;GRAPH —
: ' infection
History: 50 years male, eval pleural effusion reaccum. with clamped chest tube OBS-DP %
. Comparison: none i lower of '
: ) ;s ANAT - opacity
Impregelon; w‘ €0 a\ OBS-DP
' modify ) \o2
lobe

modify
1 . ANAT
modrfy [iocated at | ﬁ suggestive of ' . y«\'
- . W)
l f right

. 1. Increased right Iower Iobe opacnty, concerning for infection. i ANAT
Observation: Anatomy  Anatomy Anatomy Observation: Observation: ,
:  Definitely Present Definitely Present Definitely Present : : increased
3 £ OBS-DP
: 2. No evidence of pneumothorax. | pneumothorax
: Observation: & OBS-DP
Definitely Absent

Figure 2: Sample report annotated according to the RadGraph schema (left) and the associated
knowledge graph (right).

Jain, Saahil, et al. "Radgraph: Extracting clinical entities and relations from radiology
reports."” arXiv preprint arXiv:2106.14463 (2021).



RadGraph-Change

dataset
Patient radiology -
reports EXAMINATION: CHEST (PA) —
PRE-ANNOTATED REPORTS Expert Annotation The patient was extubated and the
The patient was extubated and the CHAN-DEV-DISA
Nasogastric tube was removed. ¥
DATAET ANNGIATION The lung volumes are lower. :> :> nasogastric tube was removed.
CHAN-DEV-DISA
[ : I
The lung volumes are lower.
I

TRAINING

y

INFERENCE

CHAN-CON-AP

CHAN-CON <
CHAN-CON-RES

HGIE Training

CHAN

CHAN-DEV-AP
CHAN-DEV

CHAN-DEV-DISA
. - —

§ Y: ) >

RadGraph2 entities
hierarchy

{H\& D e ReX Be

Conditional Training Unconditional

Finetuning

Patient radiology
reports HGIE

CHEST X-RAY REPORT

Almost complete resolution of
atelactstatis on the left.

Widened mediastinum has improved.

Entity and Relation
Extraction

FINAL REPORT CHEST

Almost complete resolution of

\j t Y

atelactasis on the left.

Widened mediastinum has improved.

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.



..Left lower lobe
opacity with

volume loss and
adjacent
congestion.

Air bronchogram
is noted...

46

Left lower lobe
opacity with

volume loss and
adjacent
consolidation.

Air bronchogram
is noted..




Input report: Medical Knowledge Graph Distillation

FINDINGS: PA and lateral views of the chest are provided. Left lower lobe opacity with

volume loss and adjacent congestion. Air bronchogram is noted. Report to K6, AN:-?_ P A,,:\';fbp ax :;::g" e
IMPRESSIONS: Consider pneumonia.
2 : : . lobe congestion
Here is the concise summary of the report formatted into natural language: ANAT-DP —>  OBS-DP
Left lower lobe opacity with volume loss and congestion o N
Air bronchogram suggests of pneumonia < K6 1o Distilled Report volume loss pneumonia
- 0BS-DP OBS-DP

Reference Material:
Below are example radiology reports similar to the input text. All these reports are correct and shall

be used for reference:

Example 1: i @
Air bronchogram + Lower lobe — likely consolidation. s

Volume loss + Opacity — consider consolidation/atelectasis. External retrieval + K6 to Distilled Reports ==
Vascular markings + Hilar — likely congestion

Example 2: [...]

Example 3: [...]

Reference reportl
Reference report2
Reference report3 L

External Knowledge Retrieval

Figure 2: [llustration of our dual-knowledge infusion framework. Left: Input medical report with task description and reference

examples. Right: MKGD transforms the report into a structured graph representation capturin

:

anatomical entities (ANAT-DP)

and observations (OBS-DP/DA) with their relationships (modify, located-at, suggestive_of), while EXKR provides relevant

domain knowledge from reference reports to guide the correction process.



Results - KG retrieval vs baseline

Error Detection (Acc%) Error Localization (Acc%) Error Correction (AggNLG)
Model
e Baseline Our Method Baseline Our Method End-to-End  Staged Base Our Method
(Staged) (MKGD+EXKR) (Staged) (MKGD+EXKR) (Baseline) (MKGD+EXKR)
Medical Domain Models
MMedLM2 41.49 73.05 (+31.56) 30.94 46.05 (+15.11) 47.80 47.80 58.27 (+10.47)
Llama3-Aloe 45.31 67.26 (+21.95) 43.34 51.35 (+8.01) 63.33 63.33 90.17 (+26.84)
General Purpose Models
Phi3-mini 67.26 73.06 (+5.80) 47.71 52.65 (+4.94) 74.36 74.36 74.08 (-0.28)
Phi3-small 79.03 80.21 (+1.18) 63.44 65.04 (+1.60) 80.03 80.03 86.57 (+6.53)
Phi3-medium 73.67 79.04 (+5.37) 69.73 63.44 (-6.29) 84.47 84.47 90.25 (+5.79)
Llama3-8B 37.79 62.27 (+24.48) 37.29 53.14 (+15.85) 84.34 84.34 94.29 (+9.95)

Average 57.43 72.48 (+15.05) 48.74 55.28 (+6.54) 72.39 72.39 82.27 (+9.88)




Accuracy Factual Consistency Clinical Relevance |[[]Baseline

S = S = S = -Ours

b £ & N & P
I P &N 5

> R @

Q

Figure 3: Human evaluation comparison of end-to-end er-
ror correction versus our proposed staged proofreading in-
ference with dual-knowledge infusion framework.




Integrating LLMs and Knowledge Graphs for EHRs

Yusuf Abdulle D [
, King’s College London

24 November 2025
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Overview A

Session 3

« S3.1 - Introduction to EHRs, the challenges, (briefly) LLMs and KGs
« S3.ll - Current research on LLMs and Knowledge Graphs in EHRs

« S3.llII - 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

* S4.1 — Overview on Multimodal Clinical and Genomic Data through Knowledge Graphs and
LLMs

« S4.1l — LLMs for Precision Medicine
o S4.1ll - MLLMs for Precision Medicine

51



S3.1 Introduction to EHRs - what ARE EHRs?

« EHRSs 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

Patient chart

o

Diagnoses

l ! [
02/08/2018 05/16/2019 09/22/2022
110 FO1 163

Procedures

lmmunlzatlon Labs

Y

Medications Vitals

llo J\O |

1T

v

|
Notes Radiology Pathology Digital dlagnostlcs
/
Family histo!
y 2 /Remote patient Wearables Consumer
monltonng tests
Patient portal W J
messaging - —
Environment Social determinants Genomics/
P/ of health omics
litn ro) € §
—n
. "Opportunities and

Figure adapted from Singhal, P., et al

challenges for biomarker discovery using electronic health record
data." Trends in molecular medicine 29.9 (2023): 765-776.
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S3.1 Introduction to EHRs - Challenges

« Data is scattered across systems, formats

and more
Key clinical meaning often sits in text, but copes
« Key clinical meaning often sits in text, but copes
downstream models expect structured RESU','_’T\g i 1 1 [ 11
patterns MEDICATI
2%
o | e 0
 Temporal gaps, inconsistent coding and NG
sparse documentation limit purely oROCENS
statistical approaches RES

» So, what's the heart of the problem:
clinical knowledge is implicit, distributed,
and rarely codified in the EHR itself
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S3.1 Introduction to EHRSs - 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

b. Evolution of Large Language Models (LLMs)

2018 2019 2020 2021 2022 2023 2024
(V]
- | b ] - 07T 2
= D - f © / s 8 Yo € )0 ") % -
g FHE Ewx FokE | 8F SEsSow NSNS X - g9
o o o o= o = oo < 2 - g — _ % 2 @
B6 C2Ugusle Oy o052 é&%ggﬁ %goﬁgégfog>gw sE¢
% [ ® o 8 Dol LogXe2f Xgo
? 8??# 8 5783 T 200 Jo13d01s£1'=186& =80
| | ‘ T | T T >~
-
g Encoder-decoder Encoder-only ®—— Decoder-only As of March 2024
a. Electric Health Records (EHRS) Information Extraction Named Entity Recognition
EHRs (a.k.a., EMRs) are digital repositories of =

patients’ medical history and health information. "7- P ==
@ Demographics % | @ Medication ) Text Similarity

ra (&) Medication = 4 32 =7
Bl

&
@ Physical :Fl @ Lab results E% TextCIassIﬁcatlon

measurements

_______________________ 3 ol o
2 - . - .....................
(®) Medical history U (® Immunizations @ (i ;\
REatIiiTioseT s \ Dialogue System
@ Vital signs [3 Progress notes .| fEuE W B ohsan K3
= ) °
= (Y - )
® Billing information | =| Social history ‘2@ ok Semenaieation - -
— &% i i P9
PR, < : | -
@ Other information @ ! :
=l ' ¢
{ N O ; Diagnosis & Prediction
c. Typical Applications of LLMs in EHRs L

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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S3.1 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

95



S3.1l - Current research on LLMs and Knowledge Graphs in EHRs

« Clinical Al 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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S3.1ll - Current research on LLMs in EHRs

Information Extraction (IE)

Information extraction converts free text in
EHRSs 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.

" |
-
CogStack
Information —
retrieval

Clinical Record and — ]

Systems / EPR / extraction

EPJS

q

1

Validation & Supervised Training
Random sample of documents

Domain

Experts /
Specialist
Clinicians

MedCATTrainer: Annotation Tool

z L’@ Structured
' Fields:

H Demographics,

Vital signs,
bloods, etc.

Unstructured Free Text:
Clinical Notes, Discharge
~notifications etc.

Clinical Terminology
Choose terminology

(UMLS, SNOMED-CT,

ICD, OPCS, Other )

2
Unsupervised
Trained
MedCAT Mod
Instance

3 Loaded into
trainer

Evaluation of
NER+L /
Contextualisat

Prediction Accuracy

Fever Cough Fatigue "’ " .~ Dyspn
(finding) (finding) (finding) (n,.':a?:;g) (finding)
1 0 1 1 1
0 0 1 1 1
1 0 1 0 1
0 0 0 1 1
Model Output 0 0 0 1 0
Final model 10 rstandardized format
run on entire for downstream task.
document Outputs grouped on:
corpus * Document level

* Patient level
* Time period of
interest

Q‘g

Supervised Trained

MedCAT Model Instance

Provided there is

sufficient performance
el

ion models

Number of Training Examplos

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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S3.1ll - 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.

. PPO
RSl Base Chat Model m
(O] Clinician

t = 1 [Demographic Information + Symptom] 1 1

shows the symptom of left upper quadrant pain.

[I’m smith. I’'m a white female with age of 27.41%

« Decoder only models such as GPT 4 dominate,
generating draft replies, answering patient

Do you have suggested lab test for me?

a, [Clinical Test Recommendation]

I
I
I
I
I
I
I
I
; |
. . . a E:uggest you take blood pressure diastolic t&stJ I . > ; |
queries, and producing context aware clinical pheltbiuigll] | nd measure your weight. || Clinical Test || Diagnosis | |
. e . | Sytem Cote Climal Mezarin t = 2 [Patient Test Results] . ecommendation Prediction Model| !
Cl a rlfl Catlo n S . T e e ey ( My blood pressure diastolic results is 93 I i iE :
e P —>| | mm[HG], my weightis 175 Ib. : -
D ::sv w;:lz..;;‘l o ofhip o, hict insais Gpihandian s Tk Wi S : Large Space :
# Clinical Code Translation [Good!Your blood ediastolicisnormalJ : Reject Sampling — : |
. . . MZ :\f;s ader Moo Raogs and your body weight is normal. I further | 1. Sample from m(acs,). I
* These systems show strong reliability: GPT ien oo recommend you furher ke .. > conpe seeane \__Reward |
H 2160 t=T[Di is Rec dation] I probability poc. (a;|se). = !
based reS po n SeS reaCh a m ea n We I g hted F 1 Of 20 1i- "5}:_3,\ cmale (.35-0.86 I reviewed the whole conversation, you are mostly : 3. Accept with probability Cla;:::l;xﬂve :
1 11 R : A di d with specified ital deformities of hi acc (@clst)-
abo ut O 6 1 aga| nSt phyS|C|an |abe|S, and # Clinical Test Interpretation e e o . : R sl it Y :
L] . . " e s ey ey e e I e e ot
a uto mated message d raftl N g red uces Cl Inician Clinical Test Reference Construction of Multi-turn Dialogues Lab Test Order + Diagnosis Assistance

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).
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S3.1ll - Current research on LLMs in EHRs

Diagnosis and Prediction L D ietc EHL- A ..SSS O ., O,
« LLMs are now used to predict diagnoses, risks, and - - i | J— e
future clinical events from EHR data, building on  ewoos fBguciee 1t [ == *5'3* g
earlier work in clinical risk modelling. , el  comaiall f |
ey 4y Ceocemws T T |
- Studies test zero shot and few shot prompting with I il = e YR o B mbfg
models such as GPT 4 and GPT 3.5, longitudinal ot
prediction using sequential EHR histories, and b
multimodal fusion that combines structured fields — —

with clinical text.

Comparison study and Al-assistance study

% X

- '

% + oK
¢ .

Pulmonary Psychiatry
Endacrinology Neurology
'
Disease

c
1

s

20 18

Gastroenterology dﬁgi‘ws Quoidiogy): §

'
g 18 e
Immunalogy A\ Uralogy , ——

« GPT 4 exceeds traditional machine learning _1 | —— e
baselines for zero shot in hospital mortality l By — B

prediction, few shot prompting boosts ICU - ' 00

admission and mortality forecasts, and longitudinal -l
LLMs outperform RNNs, LSTMs, and gradient
boosted trees across disease onset and prognosis
tasks.

Reasoning
}— 2 | MedDX-O0D: out-of-distribution {OOD) %b. i
o

ision
A ) Risk management

3 MedDX-Rare: long-tailed distribution LLM with alignment

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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S3.1V - 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.

H ;r')Representa

' | n H _ | \';‘:i?i/newpatient
 SMR builds a heterogeneous graph from MIMIC 2 ey /\><\/ E a f =

[ll, DrugBank, and ICD-9, learns patient, disease, MIMICH oo — %x o R;c,,i—men:ing

and medication embeddings, and recommends a—— \X&/\\\\/ __*_‘EED_*

drugs via link prediction that accounts for (AN A B - H

interaction risk. y Medicine
Datasets Heterogeneous Graph Jomtly Learning Embeddings Recommendation

® Disease Drug Patient — Patient-Medicine edges — Patient-Disease edges

d Disease embeddings OMedicine embeddings EPatient embeddings . Relation embeddings

« SMR outperforms rule based and multi label d

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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S3.1V - 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

67m individuals Study Periods Analysis F Evaluation .

< ) [ Prevalence& |  MNDguidstine | Sm,::;f,?,l,:nd |
The study compared four phenotype sources — (el G Base | | Characteristics G learing models
MNDA guidelines, knowledge graph derived — B Phenctypingfor | cd
phenotypes, GPT-4 generated phenotypes, and HES-APC J | eoryclognosis ] postwordaeta g
real-world data phenotypes — evaluated with e SR s ‘e:gemh‘ 5-year
models including logistic regression, SVMs, — 22020 1 . | COMD19sunval | gapholgittms | progictonTasks |
random forests, and LSTMs Fosng | Gy | <

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
(I\)/IZIESA)\ guidelines alone (AUROC 0.703; F1

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 Al, Knowledge Graphs and the MND Association. medRxiv, 2025-07.
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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 Pt .,

how clinical facts are stored. 5 [ v | om | w

13 “Jane” 2117-12-25 SEX

Admissions
ADM_ID SUBJ_ID Age Reason
231 12 81 “arrhythmia”

* This work converts MIMIC lll tables into a 2z | 5 [ 56 | e

Diagnoses

knowledge graph, builds NLQ to SPARQL TECNEECI

75 231

datasets, and compares Seq2Seq models and N I
the TREQS architecture on graph based versus T (e
SQL based query generation. I e e T

ICD9_Dx_Codes
ICD_ID ICD9 Short Long

872
873  |#a@1.e%| «

“amiodarone”

2 ol,e

“Benign Hypertension”

. | “Unspecified Hypertension”

« 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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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 s Kol i B
eXpIICIt |n EHR text. Patient Progress Note Experimental: Knowledge Grounding via a KG Model

[Subjective] Chief Complaint: E1OH : > Graph Model (DR.Knows)
GIB Concept CUMLS 2= A -

Background Extractor
Scoped by Gl - concern for gasioic
yagices, oid blood still in stomach. NGT :é”: cg"l’;:’ .
was replaced yesterday. Pt had Heat GI- 0521362 ’ - s
. . W . . Increase from only 31.7-->32.8 and Gostric vaeices: C0017145 XG Path 2: GIB ~ Melena
- DR.KNOWS retrieves patient specific diagnostic |
L] p p g Hctup to 404
"
ath S fro a U M LS based kn OWIed e ra h a n d [cbjl:c“v:‘]_l"s'lio(;; :{:mh '''''' Step 2. Prompt engineering to select the best prompt template (w/wo KG paths)
p l I l g g p Ciprofloxacin - 01:41 AM
. . . Infusions Final Prompt Template Few-shot Example
Candidate Prompt A . A
injects these ranked paths into prompts for models s o 4
J [Assessment] Assessment: patient in Candidate Prompt 8 n Perplexit and o nd Input Note: [S, O, A]

605 ETOH/Hep C cirrhosis wit h upper Candidate Prompt C TIED | indin % in Optional: { Knowledge paths |

S C h a S G PT 3 5 Gl bleed. Concern arises for yariceal Estimation he Gold Diagn

u O, origi. Candidate Prompt D jons tha ¥Diagrosis
Candidate Prompt E guide your resporse NDRagnosis 2
[Plan) Input Note: [S, O, A} ADiagnosis 3
# Hematemesis: trans! fuse PRBC and Optional { Knowledge paths |
urgent £GO.
# Cirrhosks: TIPS evaluation
# Alcohol misuse: follow withdrawal HE 2 X s Physici aluati
scois 5itd e diszepasn I - Step 3. Prompting LLM to predict  Step 4. Fhysicians evaluating
Manualy drafiad prompts the diagnoses in the Plan scction LLM output based on the input

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

& LRMEDCap

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

m e d I KA L Chief Complaint(CC): Feeling chest tightness and chest/back pain for over 7 years, worsened in the past week.

History of the present iliness(HPI): Experiencing chest tightness and chest/back pain a week ago,... The pain lasts a few minutes each time and the epis
odes are frequent, ... Today, the symptoms occurred more often at night...
° T h th d d d d H t' I 't H Past medical history(PMH): A history of hypertension for over 10 years, ... Currently taking medication, Adalat and Candesartan, ... A long-standing histo
e m e O a reS Se S I a g n OS I C CO m p eXI y I n ry of chronic obstructive pulmonary disease (COPD).
. . m Physical Examination(PE): Dullness to percussion in both lung fields, decreased breath sounds in the right lung, scattered wheezing sounds in both lung
no|sy redundant EH RS by palrlng a Iarge |anguage s, ... Heart rate of 89 beats per minute, arrhythmia ...
I Laboratory and Aided examination(LAE): Upper abdominal CT scan results: 1. ... ; 2. Aortic and coronary artery calcification, 3. Mild inflammation

and fibrous nodules in the lungs... Electrocardiogram: Sinus rhythm, premature ventricular beats, ...

model with a structured medical knowledge graph. -

ST

(A).EMR Summarization via LLM B — & — | S&;Z.E;‘:tz\iﬁ;drddim and Entity- ;;E E_, G
1. Main Symptoms: chest ligl}[ncsﬂ. chest&back pain; Entities in EMR
i' ll;)Iise:.lse l:lislory: h-ypcr'lcnsmfn cm‘[-)hy-‘scAmu: chest tightness, chest&back pain, ... hypertension, emphysema,..., Adalat, C
. . . 3. Medication usage: Adalat, Cun(bar(gn. i andesartan..... CT scan. ...
4.Exam Result: Dullness CUSS both lung fields.... , arrh
* |t summarises EHR text with an LLM, weights i Chesad aper hdominl CT e el Righ el T
agn . . effusion, Aortic and coronary artery calcification; Mild inflammati Nodes in KG
and fibrous nodules in the lungs; El ardiogram: chest tightness, chest and back pain, ... hy, sion, hysema,..., Adalat,
extracted entities to gu ide knOW|edge g raph retrieval, venricularbeats, Tvave changes || || Condesartan e CT s e A
fuses LLM and KG signals through a ResNet like pr—— - = : —
. . . . (B).Diagnosis directly via LLM — i — (C.2).Candidate Disease Generation ~ © — i S g
I n teg ratlo n Ste p y a n d re ra n kS Ca n d I d ate d I ag n Oses Diagnosis Result ) Entity: chest tightness Type: symptoms(weight: w, )
. . . 1. Coronary heart disease; 2. Lung cancer; 3. Pulmonary emphysema; 1-hop Neighbor Triplets:
4. Tuberculosis; 5. Gallstones. .. )
using shortest path correlations before producing a Py e, i o
Stru Ctu red d Ia g n OStI C 0 u t p ut . (D).Pash-based Diseus? Reranking O O EDiabetes. Clinical_manifestation, chest tighmesl)
S0 ¢ _’neoa] — Entm Adalat Type: drug(weight: w, )
Candidate Diseases !

Pulmonary embolism, Rheumatic heart disease, Coronary heart dise
ase, Lung cancer , Pulmonary emphysema, ...

Generation Result(Sorted by Scores)

== - Pulmonary embolism, Rheumatic heart disease, Coronary heart disease, Diab
Entities etes ...,

chest tightness, chest and back pain, ... hypertension, emphysem
a,..., Adalat, Candesartan , ..., CT scan, ...

« Across multiple Chinese EHR datasets, it surpasses

.
LLM only, KG mented, and KG (€)Final Decision by LLM
only, augmenteaq, an reasoning I n by
. . . . . . . . Reranked Candidate Diseases Coronary heart disease -
Coronary heart disease, Pulmonary embolism,... Diabetes,... 1.Main Symptom Correlation Score: 9] s — iy —
baselines, yielding higher diagnostic precision oroasy st doces Pulmonecy i inSymptom ComsatonSor: 1| O
’ ) Disease-Patient Condition Correlation 2.Disease History Correlation Score: (8] -
H Coronary heart disease 3.Medication Correlation Score: [8] “‘ =&
; @) »—0O
re Ca | I a n d Ove ra I | Sta b I I Ity_ 1.Main Symptom Correlation: chest tightness(direct), ... 4.Exam Result Correlation Score: 6] i
’ 2.Disease History Correlation: hypertension(direct), ... 5.Any wrong or Misleading Info? i : : :
3.Medication Correlation: Adalat(direct), Candesartan(strong) { } - ' X -
4.Exu,n Rcsull'(‘orrclalion: ..., Right plcur.?l effusion(direct), ..., Mild infla 6.Consider the disease as a diagnosis? [yl Q —>|ﬁ| —.@
mmation and fibrous nodules in the lungs(None).... > ) . Dabaes
Pulmonary embolism Pulmonary embolism

Jia, Mingyi, et al. "medikal: Integrating knowledge graphs as assistants of lims 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 GRUSs, 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
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S4.1 - Unifying Multimodal Clinical and Genomic Data through Knowledge Graphs and LLMs 4

* 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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S4.11 — LLMs for Precision Medicine

Drug Discovery

* Drug discovery spans chemistry, protein
biology, omics, and clinical phenotypes,
making single modallty 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.

AT . TE — ( )
» &

Omics data l Downstream tasks

/ Disease mechanism analysis  Drug target identification Drug response prediction Virtual cell simulation \

Health *" Disease 3'( w P
>y :
l I ‘ ' \}{/ o v ‘ e Sens.iti-ve Re;isleni E

Xia Sheng, Xiaoya Zhang, Yuxin Xing, Yugi 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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S4.11 — 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.

Predict the genome-wide replication Predict epigenetic
variant effects {) modifications
Predict functional Predict the DNA-protein
elements DNA interactions
reverse 1\ transcription
transcnptlon 1
: Predict RNA secondary
Predict RNA structure

modifications

S NLNSN

RNA

translation l

Predict protein functions Protein
and properties

RNA annotation
Predict protein

expression of RNA Predict RNA-protein

interactions

Generate protein

sequences Predict protein-protein

interactions

< Predict post-translational

modifications

Predict protein structures

Xia Sheng, Xiaoya Zhang, Yuxin Xing, Yugi 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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S4.111 — 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).
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HEAL KGGen

« HEAL KGGen improves biomarker-based diagnosis by
pairing a hierarchical multi-agent LLM system with an
automatically constructed biomedical knowledge — e — |

Medical Question: Which of the following q for Knowledg
statements accurately reflects the relationship [ Genomics ] [_P teomic l Graph
ra h between the titin (TTN) gene, its product (titin
g p - protein), and the associated disease spectrum,
especially when mutations are found in the A-band [ Clinica | ] [Transcnpt m ]
region of the protein?

{ l ] l ] (e O } __________________ j”“
« Specialist agents handle genomics, transcriptomics, ! ! Grra rcitoner (7

Semantics Knowledge Graph

[y - |
proteomics, and clinical queries, while a dynamic KG vt | [ ] | e §° @ BB | e
. . ‘ g l l Output Reconstruct
built from UMLS, MeSH, and SNOMED CT provides N 2
i ~OB
structured, context rich prompts. S
Multi-dimensional Relationship
Reconstruction Module
TTN Gene Knowledge
TTN gene encodes titin protein, essential for sarcomere structure - Characterized by late-onset progression - Associated
e @ with specific TTN mutations in A-band region - Evidence strength: High (>90% confidence)

« 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.

Regarding the following question
"Mutations in the TTN gene, particularly in the A-band region, are implicated in tibial muscular dystrophy, an autosomal
dominant disorder characterized by late-onset.", reply a single-character answer from A,B,C,D.

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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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 e .
clinical knowledge graphs. —

Prompts with Biomedical Expertise

 The work introduces a multimodal foundation model w———— e
that pairs a biomedical LLM with encoders for images, qé N oo Language
biological sequences, and a new graph transformer, i
all aligned through lightweight adapters in an LIaVA - @
style framework. g | Greoh  REH N\ DL Q%

Precision Medicine Drug Discovery

Protein Structure

» 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)
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V. Expanding Large Language Models to Vision: LVLMs

GPT-4V opened the era of LVLMs in 2023

GPT-4 visual input example, Extreme Ironing:

User What is unusual about this image?

Green: Detected Bboxes
Red: Averaged Bbox
Blue: Correct Segmentation

Source: https://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg

GPT-4 The unusual thing about this image is that a man is ironing clothes on an ironing
board attached to the roof of a moving taxi.

Prompt

This is an abdomen CT image, how many kidneys does it
include?

GPT-4V.

The image appears to be an axial (cross-sectional) view of
an abdominal CT scan. Based on the image provided, |
can see two kidney-shaped structures, suggesting that
there are two kidneys present in this slice of the image.

Prompt

No, there is only one kidney in the image. Please tell it is
the right kidney of the patient or the left one. Then
localized it in the image using bounding box.

The top-left corner of this image is (x, y) = (0, 0), while the
bottom-right corner of this image is (x, y) = (507, 446).

wr;ih is on therihtsiae of tﬁé imag s AwevieAw it 'l
provide coordinates for a bounding box around it:
Bounding box coordinates:

Top-left corner (x1, y1): Approximately (300, 150)
Bottom-right corner (x2, y2): Approximately (450, 300)

24 November 2025 OpenAl, 2023 GPT-4 Technical Report
Wu et al., 2023 Can GPT-4V(ision) Serve Medical Applications?
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V. Expanding Large Language Models to Vision: LLaVA

LLaVA - Large Language and Vision Assistant

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

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

Context type 2: Boxes A
person: [0.681, 0.242, 0.774, 0.694], backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Resp type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

R type 3: 1 i

L4 ¥ L ]
Question: What challenges do these people face?
Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks

to be packed, which suggests that the group has a significant amount of belongings ...<omitted>

Randomly choose X}, X,] or [X,,X}], thefirstturnt =1

b. 43 = Iy
instruct Xf1 , the remaining turns ¢t > 1

158K visual instruction data

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

24 November 2025 Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.orqg)
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V. Expanding Large Language Models to Vision: LLaVA

LLaVA - Model Architecture

Language Response X, ﬁ h ﬁ

Language Model f</> Vicuna v0

Simple linear projection matrix m m (ﬁ m mm

Projection W
rojection 7. fH

Vision Encoder
X

v Image Xq Language Instruction
Pre-trained CLIP ViT-L/14 224px

24 November 2025 Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.orqg) 77
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V. Expanding Large Language Models to Vision: LLaVA

LLaVA - Two staged training

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

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

24 November 2025 Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.orqg) 78



https://arxiv.org/abs/2304.08485

V. Expanding Large Language Models to Vision: LLaVA

LLaVA - Two staged training

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

Response type 1: conversation Response type 2: detailed description
Question: What type of vehicle is featured in the image? The image is an underground parking area with a black sport utility vehicle (SUV) parked. There

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>

24 November 2025

Liu et al., 2023. [2304.08485] Visual Instruction Tuning (arxiv.orqg) 79
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V. Expanding Large Language Models to Vision: LLaVA

LLaVA - Large Language and Vision Assistant
Remarkable performance

GPT-4 visual input example, Extreme Ironing: Visual input example, Extreme Ironing:

User What is unusual about this image?

Source: https://wwu.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg

User What is unusual about this image?

LLaVA The unusual aspect of this image is a man ironing clothes on the back of a minivan or
van. This is not a typical place to perform this activity, as one would usually iron clothes
in a more stationary and safe location, such as a home, using a regular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing setup on a
vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how

Source: https://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg

GPT-4 The unusual thing about this image is that a man is ironing clothes on an ironing the man is able to maintain balance and stability while ironing clothes in such an unstable
board attached to the roof of a moving taxi. environment.
24 November 2025 OpenAl, 2023 GPT-4 Technical Report 80
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V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-Family Models

Open Source GPT-4V like model
LLaVA : 2023.04

General Medical Mod/ ! Projection Matrix — MLP

LLaVA-Med : 2023.06 LLaVA-1.5: 2023.10
Trained with PMC-Captions  Larger training data

w/ GPT4 / | AnyRes:Dynamic Higher resolution
LLaVA-NeXT : 2024.01

LLaVA-Rad : 2024.03 Larger backbone LLM Development Roadmap from LLaVA-NeXT to LLaVA-OneVision
aVA-Rad : :

Trained with CXR images | Video, Multiple Images ro o LLVANGT

w/ GPT4 LLaVA-OneVision : 2024.08 =
Radi0|ogy MOdel ( Jan @ LLaVA-NeXT - ?SI;:Z:g-z:XT July @ LLaVA-OneVision J
but model is not ‘ :
released and technical i S

details are not disclosed

LLaVA-NeXT
(Interleave )

24 November 2025 LLaVA-OneVision: Easy Visual Task Transfer (llava-vl.qithub.io) 81
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V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-1.5: Linear projection Matrix — Connector MLP

More train data : academic task-oriented data

Language Response X, . . ‘

Language Model f; Vicuna v0

matrix (N () (ﬁ A0
P.ro.jectionW 7 H, *Hq
Vision Encoder X, Image Xq Language Instruction
CLIP ViT-L/14 224px

language model (Vicuna v1.5 13B)

15 [ [ Y CO000
vision-language connector (MLP) tokenizer &
embedding
vision encoder (CLIP ViT-L/336px) .
User: what is
unusual about
this image?

24 November 2025 Liu ef al. 2023. Improved Baselines with Visual Instruction Tuning 82
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V. Expanding Large Language Models to Vision: LLaVA-Family Models

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

LLM

encode flatten
—

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

24 November 2025 LLaVA-NeXT: Improved reasoning, OCR. and world knowledge | LLaVA (llava-vl.github.io) 83
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V. Expanding Large Language Models to Vision: LLaVA-Family Models

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

LLM LLM

EEREENN EENEEE HEEEEEN EENEEE

1 encode 1 encode

24 November 2025 LLaVA-NeXT: Improved reasoning, OCR. and world knowledge | LLaVA (llava-vl.github.io) 84
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V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-NeXT (Video) - Direct Policy Optimization Improves Hugely for Video LVLMs
Concatenate a seguen%of frames to regresent a video

v N L
fil - - ;h ¢ . %. » L e it Al "’w
,{.‘!i e e L. . gl oS GPT-4v
s o el o e ] Rl e
Imagining yourself as a customer service agent overseeing an (A) Prompting for
uploaded video. The video comprises a sequence of frames... caption generation
| SFT Data_| @ — on v
Q: What do the individuals perform in the video? [_e_ta_e_d_d_e_o_Ca_p_t_o_]The video takes place on a grass soccer
A: They perform a sequence of movements ChatGPT  fie|q with white boundary lines. It features
including running, skillful footwork ... __two individuals, one wearing a light-colored
football kit ...
. : feedback
(B) Video instruction - (Sampled Responses
Fine-tuning / Pred1: They are playing football.
. Pred2: They are resting on grass.
sample s y gong

LMM-SFT " (C) Factually-enhanced DPO Pred6: They are practicing wrestling.

24 November 2025 Zhang, et al., 2024 Direct Preference Optimization of Video Large Multimodal Models from Language Model Reward 85
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V. Expanding Large Language Models to Vision: LLaVA-Family Models

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

Avg. . Avg.
Vision Model
LLM Decoder .
) Encoder size -
0.5B 52.8 CLIP-L 0.3B 63.4
1.8B 57.6 CLIP-L 0.3B 65.3
48 63.7 EVA-02-E 478 61.0
7B 65.2
EVA-8B 8B 63.3
14B 70.7
32B 72.7
EVA-8B 8B 64.4
72B 74.0
110B 76.0 SO400M 0.4B 66.4

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



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

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

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

Stage-1 Stage-1.5 Stage-2

High-Quality

— Visual Inustruction Tunin
Knowledge Learning ? =

Language-Image Alignment —> 7/

Training Strategies with Data Scaling

71
70
O
4 69
= CC3M
8 O @ LLaVA-ReCap (Full Model)
ﬁ BLIP 558K -l - LLaVA-ReCap (Projector)
& o--- o) a - Raw Captions, Public (Full Model)
?1>3 gs IEESESUS AT ECRES 2 "g _______ Raw Captions, Public (Projector)
< = Raw Captions, Top-Quality (Projector)
O -ﬂ Raw Captions, Random (Projector)
G L =
COCO 118K BLIP 558K -
67 cC3Mm
d
cciam
66
118K 558K 3M 12M

Data Amount (log scale)

24 November 2025 LLaVA-NeXT: What Else Influences Visual Instruction Tuning Beyond Data? (llava-vl.github.io) 87
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V. Expanding Large Language Models to Vision: LLaVA-Family Models

LLaVA-OneVision: Improved vision encoder and backbone LLM supporting single, multi images and video
Combined all findings from LLaVA-NeXT (3 stage training, Higher AnyRes, etc)

Language Response %

|

f I P

\ Qwen-2 J i \Language Model f¢ J
’ NOO 66

. L

2-Layer MLP ] ! Projection Pg
> L 7, Hv AH,
SigLIP J || Vision Encoder g+
o : - X'V X—q

—
- —
——
—
—
—
—
—
—
—
—
—
—
——
—
——
—
— ——
—
- —
—
—
—
— —
—

W ' LR

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

LLaVA-Med First LVLMs in Medicine based on LLaVA

Biomedical Visual Instruction-Following Example

LLaVA Stage 1 Stage 2

Caption:
Medical Concept Alignment  Medical Instruction Tuning U Medical Visual Chat Figure 4: Contrast-enhanced CT scan of the chest for patient #1. A
—_— —_— O Medical VQA large cavitating lesion was identified in the right upper lobe with pleu-
o VQA-Radiology ral involvement and likely extension into the chest wall. In addition,
7 Hours 8 Hours o SLAKE right hilar lymphadenopathy was suspected. This was the primary
1 epoch on 600K samples 3 epochs on 60K samples o Pathology-VQA malignant lesion in this patient.

Sentences with in-line figure mentions:

- Computerized tomography ( CT ) scans of the chest ( Figure 4 )
were obtained.

- ( Figure 4 ) and demonstrated a large cavitating lesion in the pos-

Th e Sa m e a p p roaCh i terior aspect of the right upper lobe with probable pleural involve-

ment likely representing the primary lesion.

1. LLM - Vicuna, Vision Encoder - CLIP ViT-L 224px |
2. Linear Projection Matrix for connector e e I il oo

3_ 2 Staged tra|n|ng Assistant: The lesion is located in the posterior aspect of the right upper lobe of the lung.
4. Instruction following dataset generated from PMC o ot o . g, sl s e bl

Figure and Captions using GPT4 likely extending into the chest wall.

User: Can you explain more about the cavitating lesion?

. R . . Assistant: Certainly. A cavitating lesion refers to an abnormal mass or growth within the lung
leltatlon . Only Evaluated Wlth VQA tissue that has a caviFy or hollow space insiz_ie it. This cavity can be fo?med due to the necrosis
- (death) of the tissue inside the lesion, leading to the breakdown and disintegration of the
affected tissue. Cavitating lesions can be caused by various factors, such as infections (like
tuberculosis or fungal infections), autoimmune diseases, or malignancies (cancer). In the context
of the CT scan provided, the large cavitating lesion in the right upper lobe of the lung is
suggestive of a malignant (cancerous) growth. The cavity within the lesion may be a result of the

I {ecently, rapid and uncontrolled growth of cancer cells, which can lead to the destruction of surrounding
healthy tissue. It’s important to note that further diagnostic tests, such as a biopsy, would be

LLaVA_Med V1 .5 released based On Mistral 7B required to confirm the malignancy and determine the specific type of cancer involved.

24 November 2025 Li et al., 2023 LLaVA-Med NIPS2023 89
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Data Construction



|. Data for Radiology Multimodal LLMs Training

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

j

Can you generate

N

EXAMINATION: CHEST (PA AND LAT)

INDICATION: year old woman with ?pleural effusion // ?pleural effusion
TECHNIQUE: Chest PA and lateral

COMPARISON:

FINDINGS:

Cardiac size cannot be evaluated. Large left pleural effusion is new. Small
right effusion is new. The upper lungs are clear. Right lower lobe opacities
are better seen in prior CT. There is no pneumothorax. There are mild
degenerative changes in the thoracic spine

IMPRESSION:

Large left pleural effusion

\

!
Output




|. Data for Radiology Multimodal LLMs Training

Image: a. Medical systems

- Diverse modalities (X-ray, CT, MR ...)

Central Nervous System

- Across body systems (brain, chest ... ) O
(v Head and Neck

- Different planes (axial, coronal, sagittal)

. «':{:‘rf’i:.‘)
a\ Vascular Pediatrics Oncology
Vo “’é-,:\,,
@Cardiac £, 50 -\ ‘\ Breast °
‘ t&‘L Hematology
| _ |\ ut-0 A

« 2D or 3D in different format:

- DICOM/ NIfTIl (common in 3D scans)

Chest

Hepatobiliary

Musculoskeletal N

( \@
i
> /i ‘ & Trauma‘
Gynecology and Obstetric@

- PNG/JPEG (often serve as 2D slices) "

- One or multiple Hepatobiliary

Text:

- Diverse task requirements (diagnosis, report
9 (diag P b. Imaging modalities

generation, question-answering, treatment ...)

- Context-involved (other examination records,

chief complaint, history of present illness ... )

Mammography Ultrasound




|. Where to access data

From daily clinical report writing

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).

EXAMINATION: CHEST (PA AND LAT)

INDICATION: year old woman with ?pleural effusion // ?pleural effusion
TECHNIQUE: Chest PA and lateral

COMPARISON:

FINDINGS:

Cardiac size cannot be evaluated. Large left pleural effusion is new. Small
right effusion is new. The upper lungs are clear. Right lower lobe opacities
are better seen in prior CT. There is no pneumothorax. There are mild
degenerative changes in the thoracic spine

IMPRESSION:

Large left pleural effusion

* 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.

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

Example study contained in MIMIC-CXR. Above (a), the radiology report provides the interpretation of the image. PHI has been removed and replaced with

three underscores (_ __). Below, the two chest radiographs for this study are shown: (b) the frontal view (left image) and (c) the lateral view (right image).

[I] 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.



|. Where to access data

From daily clinical report writing

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

Main image

(a) Ground Truth Report:

No change in the positioning of the left-

sided chest tube. Re demonstration of
fractures of the fifth and sixth left
posterior ribs. A pleural line is not
present on the current study. Residual
left lung atelectasis is present. The right
lung is clear. Heart size is normal. No
focal consolidation. No pleural line is
detected to indicate residual left
pneumothorax . Left lower lobe
atelectasis persists, in the setting of
possible splinting given the posterior rib
fractures .

(b) Text Mined Label from MIMIC
Atelectasis
Fracture
Pneumothorax (incorrect)

(c) Generated Report

compared with the prior study , there is a new
left apical pneumothorax with a small left
apical pneumothorax. the left chest tube is in

unchanged position . there is persistent
elevation of the left hemidiaphragm and left

basilar atelectasis . the right lung is clear .
there is a small left pleural effusion (unrelated
diseases) . heart is normal in size .

PORTABLE

Reference image

(e) Ground Truth Report

Comparison to __, 07:47. Removal of
the left chest tube. No evidence of
pneumothorax. Mild basal atelectasis.
Mild cardiomegaly. No

pneumonia.

(d) ImageCLEF VQA-MED questions
is there something wrong in the image?
what is the primary abnormality in this image?

(f) Our medical difference VQA questions
What abnormality is seen in this image?
Atelectasis, Fracture.

Is there pneumothorax in this image? No
Where is the fracture? Posterior ribs

Where is the atelectasis? Left lower lobe
What is the level of heart size? Normal
which view is this image taken? AP view

What has changed compared to the reference
image?

The main image has an additional finding of
fracture. The main image is missing the
finding of cardiomegaly.

[17 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.




|. Where to access data

From daily clinical report writing

INSPECT: A Multimodal 3D-CT Dataset Integrating Imaging, Reports, and Longitudinal EHR

Features Labels Focus: Pulmonary Embolism (PE)
e diagnosis
110 : P |l-H»{ PE Positi 12m PH . .
- —>{?g?} o) == i Lﬂ Modality: 3D Imaging + Text +
.91‘:' == Patient 1 12m Readmission W 12m Mortality Longitudinal EHR
Longitudinal = ol Pretrained embeddings S 6m Readmission W 6m Mortality W Volume: 19.402 Patients: 23.24
Medical Records my 7 e EHR Model CTPA (GO 1m Readmission } 1m Mortality J C?rFL)IA gtud?éso' 23azt488 S’e g;‘ts 8
A Count-based Features e A L2 .. ' ’ P ’
225M+ Clinical Events
Radiology Reports O O O O O
cT O O O O O

Diagnosis Codes - O O () O O
o
% Lab Test O O—O O O—0O © O &)
=
~ Medications O— O O —@ @ 0 O (
=
-% Procedure +— OO0 O O O O
a

Vitals —0— 00— O o—© O Q @
Demographics ()
Visit Date —O0—0O0—0—-0 O O—=0O O O O—-O0—-O0—O00—0—-0
\ )\ J\ J
Y |

Y
Past Records Current Visit Future Visits




|. Where to access data

From daily clinical report writing

CT-RATE:
Data Sources.
i Radiologist
* non-contrast 3D chest CT scans from hospital adiologis
CT scanner ‘

PACS with corresponding radiology reports from

\ Radiology report

,,l B :

the EHR.

Final Structure.

Clinical Information

Technique

* 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 Patient

Chest CT volume

image—text dataset for multimodal research.

[T Hamamci, Ibrahim Ethem, et al. "Developing generalist foundation models from a multimodal dataset for 3d computed tomography." arXiv preprint arXiv:2403.17834 (2024). 77



|. Where to access data

From daily clinical report writing

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

CT-RATE Dataset
(n = 25,692 paired CT volumes and reports)

for each case

Y A 4

[ Segmentation Mask Generation ] [ Region-specific Report Division

Utilize SAT model, 197 categories GPT4 annotation, hierarchical structure

]

—’[ Mask-Sentence Matching ]«

@ * Named Entity Recognition

anatomy, abnormality, non-abnormality

.\a * Rule-based Question Generation

abnormality, presence, location, size, disorder

)%

RadGenome-Chest CT

|. Hierarchical structured abnormality tree

2. Multi-granularity grounded reports
624,876 train 40,342 validation

3. Grounded visual question answering
1,343,057 train 84,625 validation

4. Case-level visual question answering
24,128 train 1,564 validation

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



|. Where to access data

From papers

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

Step 1. Collect Figure-Caption Pairs From Step 3. Detect Subfigures Step 4. Filter Biomedical Subfigures
PubMedCenter [~ 453 —
S ®)

Res
-Net 9@
101

L@

1,848,729 SubFigures 1,646,592 SubFigure-Caption Pairs (PMC-OA Beta)

2,478,267 Papers Concerned

Step 2. Filter Biomedical Images by Caption

Keywords and Image Classification Model Step 5. Extract Subcaptions Step 6. Align Subfigures to Subcaptions
( \ —— r—
M)
|, ® @ A
PMC
ResNet EXS- 2 i
] [ CLIP
101 CLAIM i ® Beta
— (V)
/
scanned LA
381,096 Figures-Caption Pairs 898,467 Subcaptions 1,003,911 Subfigure-Subcaption Pairs (PMC-OA)

[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.



|. Where to access data

From papers

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

381K PMC-OA
381K PMC-OA image-caption pairs
image-caption pairs Image Caption: Anatomic and MRF data of subject excluded due to
_ partial volume effects. a MRF T1-relaxometry map shows ...... b ) ChatGPT Generation
g?&iﬁ,ﬁiﬁr;:?n Axial spin echo post-gadolinium T1WI shows typical homogeneous . > question per pair
enhancement and extradural location of meningioma. [ 1.5M QA Pairs
1.5M QA Pairs l

Auto-filter the
text-only questions.

Question-Answer Generation

Can Text-only LLM

Dismiss
answer correctly?

What did the axial spin echo post-gadolinium T1WI show in the patient?
A: Homogeneous enhancement of the brain tissue

B: Heterogeneous enhancement of the brain tissue

C: Homogeneous enhancement and extradural location of meningioma
D: Homogeneous enhancement and intradural location of meningioma

No. Keep the case.

848K QA Pairs

Auto-filter the
Unanswerable questions.

No.
Dismiss

Prompts: Ask 5 questions about the content and generate four options for each question. The questions
should be answerable with the information provided in the caption, and the four options should include one
correct and three incorrect options, with the position of the correct option randomized. The output should
use the following template: i:‘the question index’ question:‘the generate question’ choice: ‘A:option content
B:option content C:option content D:option content’ answer: The correct option(A\B\C\D).

Pass the
Question Classifier?

Yes. Keep the case.

227K QA Pairs

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



|. Where to access data

From papers

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

Sud

o —_
o . =
At A M AR AR AL AT Bl Microsoft Q
] OB @
Gynecol Oncol Bep. 2018 Nov; 26: 4 . AZU re =% % | 2 3
Published online 2018 Aug 11. doi
10 1016/j gore 2018 08 002 Download full-text articles ;

. . from PMC-OA.
Intussusception as a rare cause of - T1lz Trls T1,n
bowel obstruction in a woman with Caption
recurrent ovarian cancer . : CT Images Suggestive of T212 T2I3 T2/n
Mackenzie W. Sullivan and Susan C. Modesitt* - Azure Databricks Intussusception Axial CT

' ‘ image of an apparent small T s 1T
» Author information » Article notes ) ) bowel transition point in the 12 13 1°n
e Extract figure-caption right lower quadrant
Lopy ."_.'"!. alik cense iniormation 3 »
. pairs from the articles. (indicated with white arrow).
Tzlz Tzls Tzln

CLIP contrastive loss

[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).



. 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

Dataset Original Purpose Population-Based  Selec- | Focus of Collection Anatomy Imaging Case/Image | Country of Origin
tion Modality Number
RP3D-series Educational No specific criteria Radiology-related diseases | Various Various 615K in- | Global What type of imaging technique is used to take this image? What type of imaging technique is employed to produce this image?
across multiple systems stances What type of imaging technique is used to acquire the above Which type of modality is shown about this image?
MPx-series Educational No specific criteria Covering wide range of | Various Vaious 159K in- [ Global image?
medical imaging topies stances Which imaging modality is used to generate this i What imaging modality is used to take this image?
= - - — = - — — < Thich imagi ality is bei ssented i s image? Tha ality type is depicted i is image?
PMC-Inline Rescarch Academical cases pub- | Serving for academical | Various Various 1M Global Which imaging modality. i heing presented inithis:image?: 'What-modality typeis depicted inthis image? =
i A vab What modality is used to take this image? What modality was employed to produce this image?
ished in papers demonstration ; Ry ; R , : : ; aa 5
e = - —— - - — — - What kind of modal shown in this image? What modality type is used to take this image?
PMC-CaseReport Research Academic cases published | Serving for academical | Various Various LIM Global S 3 By - e 3 e s
: What's the modality of this image? What's the modality type of this image?
case reports clinical case demonstration Ganvii identife e g bt i : 3 B = A L
_ ! : _ _ i _ an you identify the modality used for this image? Can you determine the imaging modality depicted in this image?
VinDr-Mammo Research Pat |vn}> for breast cancer | Mammography with .fu('m Breast Digital mam- | 5,000 Exams | Vietnam Please specify the type of modality represented in this image. Identify the modality type used to capture this image.
screening on BI-RADS categories mography Describe the type of modality used for this image. Describe the specific imaging modality that was used for this image.
VinDr-SpineXR Research Patients for spine anoma- | Spinal lesions detection | Spine X-ray 10,466  im- | Vietnam Please describe the imaging modality utilized to capture this Please elaborate on the type of modality employed to produce this
lies screening and classification ages image: image:
VinDr-PCXR Rescarch patients younger than ten | Interpretation of common | Chest X-ray 0,125 X Vietnam Tell me about the modality type that was used to generate Tell me about the modality type that was used to produce this image.
years and comes with both | thoracic diseases this image.
the localization of critical What type of imaging technique is used to take this scan? ~ What type of imaging technique is employed to produce this scan?
findings and the classifica- What type of imaging technique is used to acquire the above Which type of modality is shown in this scan?
tion of common thora scan?
diseases. Which imaging modality is used to generate this scan? What imaging modali used to take this scan?
RadChest-CT Research Adult patients Multiple abuormality pre- | Chest CT. 35,747 scans | Not specified Which imaging modality is being presented in this What modality type is depicted in this scan?
What modality is e 6~ el ¢1in P VN a2 o
PMC-OA Rescarch Academi . e Tious 1.65M Cap | Global Whae kindiofmody . .
2 2 3 3 What’s the modalit
win SO many distinct e LINK them with text prompt .
SNCVOA Researd Academ - 3K Global Can you identify t} 1 this scan?
PMC-VQ!/ esearch Academic rious 3K slobal Please specify the
lished in Describe the type ¢ . 1 for this scan.
VQA-RAD Research No specif d atas ets rious 315 images | Global Please describe the base d o n th el r ta r et o produce this
with 3,5 scan.
VQA pairs Tell me about the 1 ‘oduce this scan.
Research No specific criteria Medical Visual question | Various Various 642 images | Global this scan.
answering for clinical rea- with 14,000 What type of imaging technique is used to take this radiology What type of imaging technique is employed to produce this radiology
soning QA pairs image? image?
MIMIC-CXR Research Patients with chest X-ray | Chest X-ray interpretation | Chest X-rays 377,110 im- | USA Which type of modality is shown in this radiology image? What type of imaging technique is used to acquire the above
examinations at the Beth ages radiology image?
Tarasl Deasaicss Madical Which imaging modality is used to generate this radiology ~ What imaging modality is used to take this radiology image?
Center in Boston, MA image?
VinDr-CXR Research Patients from two major | Chest X-ray interpretation | Chest Xrays 18,000 im- | Victnam Which imaging modality is being presented in this radiology What modality type is depicted in this radiology image?
hospitals in Vietnam ages image? . ) ) . . ) o . R
NI ChestXtayid | Rescarch T Dakients from the year of | 14 commen diseases Chest T 112,000 - What modality is used to take this radiology image? What modality was employed to produce this radiology image?
1992 to 2015 collected by Hie What kind of modality is shown in this radiology image? ~ What modality type is used to take this radiology image?
NIH : What’s the modality of this radiology image? What's the modality type of this radiology image?
- — - - - — — - - Can you identify the modality used for this radiology image? Can you determine the imaging modality depicted in this radiology
CheXpert Rescarch Patient with chest X-ray | 14 observations as positive, | Chest Xoray 221,316 im- | USA 3 : 2 EY. Imag img-‘c,, glng il &
__ _ expruifitions negative;iorunceriain _ ages _ Please specify the type of modality represented in this Identify the modality type used to capture this radiology image.
Covid-CXR2 Research Patients related to | COVID-19 detection Chest X-ray 16,490  im- | Global s .
e radiology image.
COVID-19 . ages B Describe the type of modality used for this radiclogy image. Describe the specific imaging modality that was used for this
NLM-TB  (Mont- | Research Patients related to tuber- | Tuberculosis detection Chest X-ray 138 (Mont- | USA and China : o
1 3 b radiology image.
gomery) & NLM- culosis gomery), 615 What type of imaging technique is used to take this image ~What type of imaging technique is employed to produce this image
TB (Shenzhen) (Shenzhen) Scas? —
images What imaging modality is used to take this image scan? Please describe the imaging modality utilized to capture this
Object-CXR Research Patients related to foreign | Foreign object detection | Chest X-ray 10,000 im- | China FadiGloEy ifaags:
object detection ages Which imaging modality is used to generate this image scan? What type of imaging technique is used to acquire the above image
Openl Educational No specific criteria Radiology reports with im- | Chest Xray 7470 images scan?
ages Which imaging modality is being presented in this image ~ What modality type is depicted in this image scan?
RSNA Research Patients related to pneu- | Pneumonia detection Chest X-ray 30,000  im- scan?
monia ages What modality is used to take this image scan? What modality was employed to produce this image scan?
SIIM-ACR Research Patients related to pneu- | Pneumothorax detection | Chest X-ray 12,100 im- | Not specified What kind of modality is shown in this image scan? What modality type is used to take this image scan?
diothbray ages What's the modality of this image scan? What's the modality type of this image scan?

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



|. Where to access data

From websites

Radiopaedia: https://radiopaedia.org/home

Data Curation Pipeline

- Crawl data from open-sourced expert-checked
website

Related Radopuedia articies

39,026 cases, 192,675 images

Case | 37935 | 1001 | 39026
[[1mage [ 187951 | 4724 | 192675 |

Article Names

Judger2 Prompt 2 + [G)GPT-4 Human Check

1 will give you a medical term that either represents a certain disease, serves as a kind of symptom, describes a
specific part of the human body, o signifies something else. Your task is to determine which case does a medical
term belongs to. If a medical term represents a certain disease, please answer Disease. If a medical term serves
as a symptom, please answer Symptom, If it does not belong to the first two cases, please answer Others. If you
are uncertaln, please answer Uncertain. Note that your answer must be one of Disease, Symptom, Others or
Uncertain without any other modifications.

Prompt 1

1 will give you a medical term that either represents a kind of disease, describes a specific part of the human
body, or signifies something else. Your task is to determine whether this term represents a disease/symptom or
not. If a medical term is exactly denoting a kind of disease, please output Yes, If not, please output No, if you are
not sure, please output Uncertain. Pay attention, your answer should only be one of Yes, No and Uncertain
without any other modifications.

Auto-filter Accuracy: 100 positive samples & 100 negative samples (manual check).

Ground Truth

Not
Disorder

Disorder

Metrics

Precision

Values

100%

Recall

91.74%

f

95.69%

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
: Prompt 2
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Crawl data from open-sourced

expert checked website

Filter article names (disorders)

by large language models

== 1CD10Data.com

neningit

1
1
|
|
]
|
|
Hypertrophic pachymeningitis ]
r infectiou parasiti [}

G03 Meningitis due to other and unspecified causes :
: myelitis and er myelit I

lit |

]

|

|

1

|

1

1

1

|

]

Arachnoiditis e
Manually linked to GO3

Meningitis

Arach tis ossificans ¢ tis, myeliti

eptomeningitis

Map disorders to ICD-10-CM

Disorders from article names

5,568 disorders ——> 930 ICD-10-CM classes

[171Wu, 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

|. Current Data Limitations

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

i ~N

"+ Chest X-rays (CXR) dominate most )

existing radiology datasets.

» Current prompts are often too simple,

missing essential clinical context and

* Public sources such as websites and failing to capture multi-turn interactions.

publications provide valuable data but . Responses are usually plain, lacking

often introduce distribution shifts reasoning, justification, and detailed

compared with real-world clinical practice.

explanation.
We need more data beyond CXR from We need more diverse
clinical practices, like CT-RATE; guestion—answer pairs.

\_ J
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. 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.

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV. =%
The sport utility vehicle is parked in the public garage, being packed for a tripfSe=ss
Some people with luggage near a van that is transporting it.
Context type 2: Boxes v '
person: [0.681, 0.242, 0.774, 0.694], backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>

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

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.
Language Response X,

Language Model f¢

ﬁﬁﬁ YT
e H $H,

NiSIonIEdEotcn Xy Image Xq Language Instruction

Projection W

[17 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.



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

Model Training:
* LLM -Vicuna,Vision Encoder - CLIPViT-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.

LLaVA Stage 1 Stage 2 Downstream
Medical Concept Alignment  Medical Instruction Tuning U Medical Visual Chat
— — = O Medical VQA
o VQA-Radiology
7 Hours 8 Hours S

o Pathology-VQA

1 epoch on 600K samples 3 epochs on 60K samples

Biomedical Visual Instruction-Following Example

Caption:

Figure 4: Contrast-enhanced CT scan of the chest for patient #1. A
large cavitating lesion was identified in the right upper lobe with pleu-
ral involvement and likely extension into the chest wall. In addition,
right hilar lymphadenopathy was suspected. This was the primary
malignant lesion in this patient.

Sentences with in-line figure mentions:

- Computerized tomography ( CT ) scans of the chest ( Figure 4 )
were obtained.

- (Figure 4 ) and demonstrated a large cavitating lesion in the pos-
terior aspect of the right upper lobe with probable pleural involve-
ment likely representing the primary lesion.

Conversation:

User: Where is the lesion located?
Assistant: The lesion is located in the posterior aspect of the right upper lobe of the lung.
User: Is it extending into the chest wall?

Assistant: Yes, the CT scan suggests that the large cavitating lesion in the right upper lobe is
likely extending into the chest wall.

User: Can you explain more about the cavitating lesion?

Assistant: Certainly. A cavitating lesion refers to an abnormal mass or growth within the lung
tissue that has a cavity or hollow space inside it. This cavity can be formed due to the necrosis
(death) of the tissue inside the lesion, leading to the breakdown and disintegration of the
affected tissue. Cavitating lesions can be caused by various factors, such as infections (like
tuberculosis or fungal infections), autoimmune diseases, or malignancies (cancer). In the context
of the CT scan provided, the large cavitating lesion in the right upper lobe of the lung is
suggestive of a malignant (cancerous) growth. The cavity within the lesion may be a result of the
rapid and uncontrolled growth of cancer cells, which can lead to the destruction of surrounding
healthy tissue. It’s important to note that further diagnostic tests, such as a biopsy, would be
required to confirm the malignancy and determine the specific type of cancer involved.

[17 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): 2854 1-28564.
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MedFlamingo: First Medical MLLMs based on Open-Flamingo

Data:

32-year-old man presents to
ER 15 mins after 7-feet fall
onto a wooden post.
Symptoms: severe pain,
rapid breathing, vitals:

Blunt trauma to the left lung with hemothorax.

* Built a new interleaved image-text dataset from
Correct diagnosis
& correct patiology, left-sided.

4,721 medical textbooks, with robust cleaning and

pulse 135/min, respirations Med-Flamingo
30/min, BP 80/40 mm Hg.
Segmentation (--) The patient has a left-sided pneumothorax.
Question: What is the most likely diagnosis? Baseli
aeine 2 correct side, but
X Wrong diagnosis / pathology
*Chest X-ray image showing hemothorax following
blunt chest trauma
° 1 _ .
Pal red data sou rced from PM C OA‘ I ° 6 M Neuroscience / Oncology Psychiatry Orthopedics Obstetrics and | Pediatrics
Neurology Gynecology

biomedical image-caption pairs collected from

Immunolo
Nutrition 8

PubMedCentral Surgery P

Internal Medicine | Dentistry /
Orthodontics

Radiol
22000y Cardiology Herbal medicine

Dermatology | Ophthalmo-
logy

[1]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.
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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.

Paired data

Interleaved data

A Chunk 1
ri 1

e ; ® ... Q
v

. b Chunk 2
Caption ‘ % r’ .
X )
Y
Tokenized data

I | I e 14] Input text

® ®

| | LM layers

N Gated X-attn layers

Vision encoder
Perceiver Resampler

I |

Backbones: Llama-7B, ViT/L-14, OpenFlamingo

l Med-Flamingo

Output text

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

Problem Multimodal few-shot prompt

Instruction

(,‘é\o Question,

Answer

Question,
Answer

—’ <
CrEEl Question
Question: What do the small Answer: Calcification of the

white lesions in the aorta mean? aortic wall.

[11 Moor, Michael, et al. "Med-flamingo: a multimodal medical few-shot learner." Machine Learning for Health (ML4H). PMLR, 2023.
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RadFM: Foundation Model in Radiology

Data

* Diverse tasks including VQA, Diagnosis, and

Report Generation;

* Beyond paper data, |6M 2D and 3D scans.

Rad3D-
Modality
(11.47%)

W

Medical
Visual
Question
Answering. Pmc.,,
(17.94,‘)

q: What type of
imaging modality is used to
acquire the given image?
R: MRI

T As shown in Fig.1, )i
an oblique X-ray of a 17
years old patient...

shows avulsion fracture.

[ Upper Limb ]

J: Patient: Age: 20 years Gender: Male.l§
BB Radiculopathy and left upper limb

weakness. Identify the disease and

describe the classic radiological pre....

R: Osteochondroma. Radiological features..

[ Spine ]

7: R Please caption
this scan with findings and
impression.

" R: Findings: Below knee
amputation margins of the
tibia and fibular are ...

[ Lower Limb ]

7: B8l Please caption this scan
with findings and impression.

R: Findings: Left tongue mass with
a depth of invasion of 1 cm (T2) ...
Impression: Squamous cell ...

( Head and Neck ]

H J: What abnormality can
be observed in the areas
I of subpleural? *¥T3)

R: Small cystic changes

[ Thorax ]

J: Patient: Age: 30 years Gender: Male.
uﬂ the disease and describe the ...
R: Tuberculous lymphadenitis. The
radiological features are follows. CT: ...

[ Abdomen ]

3: What disease

is shown on the given
images?

R: The images show a
typical pedunculated
osteochondroma

[ Pelvis ]

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

a. Dataset b. Training Procedure
Architecture and Training EDIC Concheron il
: . : o Fed3P MedMD
* Architecture slightly different due to 3D Pre-training
* MedLLaMA-13B, medical version of LLaMA e MedMD & RadMD  mimic-oxk . e
. . a
model trained with PMC Domain-specific
e 3DViT + Perceiver for Vision Encoder PMC-VOA NIH Chestxray14 Fi"e(;t,\jr)“"g
* Interleaved images with text with texts. Otfier Bdsting Detsels
c. Architecture Detail
* 2-staged training Input: Visual scans (3D or 2D) interleaving with texts Text Output
* Auto-regressive Pretraining (Predict next token) I Large Language Model
b Visual Instruction Tuning (Domain'SPeCiﬁC lv» n-th Transformer Decoder Block
i i Visual :
Finetuning) el i
* The main difference falls in what tokens are B viiciic I 1-st Transformer Decoder Block
used for loss calculation. 1 1

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



ll. Visual Instruction Tuning

RadFM: Foundation Model in Radiology

Results Dataset Modality Metric | sora RadFM
Disease Diagnosis
L4 Outpe rfo rm SOTA on various BenChmark VinDr-Mammo 2D Mammography Macro-AUC 64.5 [47] 64.76 (64.23, 65.88)
Macro-F1 N/A 39.42 (39.37, 39.59)
° A mor h n . h man r t-n I h CXR14 2D X-ray Macro-AUC 80.1 [49] 81.13 (81.07, 81.18)
comprenensive huma ating alSo SNOWS Macro-F1 N/A 30.20 (30.17, 30.22)
LDCT 3D CT Macro-AUC | 82.1 [47] 83.23 (81.97, 85.85)
RadFM'’s superior Performance_ Macro-F1 N/A 58.34 (57.38, 61.23)
BraTs2019 3D MRI AUC 88.06 [10] 90.61 (85.66, 92.13)
F1 90.36 [10] 92.21 (92.01, 93.21)
Medical VQA
VQA-RAD 2D Radiology Bleu 71.03 [6] 73.44 (66.04, 82.18)
o 3.00 , Rogue N/A 73.81 (67.80, 80.04)
o 200 F1 N/A 78.09 (73.54, 81.90)
8 ’ SLAKE 2D Radiology Bleu 78.6 [45] 83.16 (79.68, 87.10)
(o] o 2 Rogue N/A 83.65 (80.39, 87.10)
£ 1.00 o . | F1 78.1 [45] 84.37 (81.60, 86.78)
g 0.00 | L il | PMC-VQA 2D Radiology Bleu 23.69 (20.70, 26.93) [55] 24.13 (21.01, 27.91)
2 Medical Report Rationale P Rogue 27.20 (24.09, 31.13) [55] 25.64 (22.73, 29.29)
m OpenFlamingo 2.21 0.89 1.09 1.40 Report Generation
= MedVInT 1.44 1.16 0.83 1.14 IU-Xray 2D X-ray Bleu-1 38.7 [2] 37.88 (35.96, 39.32)
. Bleu-2 24.5 [2] 24.62 (22.73, 26.94)
= MedFlamingo 1.74 0.86 1.03 1.21 == i i Sl e g
= GPT-4V 213 1.64 2.22 1.99 Bleu-4 11.1 [2] 10.28 (8.89, 11.64)
RadFM 2.87 1.88 1.76 217 Rogue-L 28.9 [2] 29.51 (28.09, 30.61)

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

CheXinstruct
6 Million CXR - Text -
QA Triplets

MIMIC-CXR-VQA

Rad-Res\ruc!

Qh
pMCVOR M .

‘wig 8ousjuag [eiodwal

1-°4XO-SW

ChestX-ray14

@
e

&
GWeo* oF

pORR
SN, e u
V‘mD"c"(R

Apnormality o VinDr-PCXR

Siim
Cangjgy
Med\lﬁp"zmg Cangiy
sLP*Y\E Yoy,
0 e, Cx,
Rlely & Mg R
.G*Qﬂ% & O*Q
@\\\&\\G d_?"%\ .Qk?
R “
% = a & = K
4 g & = — ) ;f; )
T § T F5fe398313 Yy
= E o > (3%
= = k) ?(’2
[17 Chen, Zhihong, et al. "Chexagent: Towards a foundation model for chest x-ray interpretation." arXiv preprint arXiv:2401.12208 (2024).
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CheXagent: First Chest X-ray Application

Stage 0: Train a clinical LLM

Model Training:
T Text Corpus: a
. 1
« Based on BLIP-2 instead of CLIP " a) P
Text LLM >
- Prediction
. Ne——
« Backbone LLM Mistral-7B
Stage 1: Train a vision encoder
4 Training backb LLM and Traini isi d B Image
* . lralnin n n rainin ISION en r >
stages: Ira g backbone a a g Vision encode Qioren Captioning
—_—— ———
vision “] Image-Text
LoEs Encoder i Contrastive
~—
Stage 2: Train a vision-language bridger
4 N 4 )
Qformer »  Bridger
. J . 3 J
Chexagent r Vision ) ( LLM 3%'5_, Image
8 Billion Parameter | Encoder ] | ) |_Captioning
Instruction-tuned CXR FM Stage 3: Instruction Tunin
& [ &)
Qformer »|  Bridger
T ﬁ; : T—
5 T . &)
Vision Next Word
L Encoder J ) 1L J_’ Prediction

% : Frozen ¢%: Trainable

[17 Chen, Zhihong, et al. "Chexagent: Towards a foundation model for chest x-ray interpretation." arXiv preprint arXiv:2401.12208 (2024).
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CheXagent: First Chest X-ray Application

Results:
* Two Evaluation Method I ” Private Dataset MIMIC-CXR
. s ”€  BERT-S CheXbert-S RadGraph-S BERT-S CheXbert-S RadGraph-S
* Automated metrics MedFlamingo 8B 8.5 27 1.7 104 32 22
LLaVA-Med 8B 125 17.0 42 6.2 17.5 4.0
« GPT-4 as Judge RadFM 14B 357 12.7 5.1 45.7 17.5 10.9
XrayGPT 8B 40.1 234 9.0 44.0 242 11.2
and medical foundation model in CXR.
XrayGPT RadFM LLaVA-Med MedFlamingo

B CheXagent wins Bl Tie BN CheXagent loses

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

MAIRA-2 |

Data: } g

« Each sample includes images, |
L £

detailed findings, and extra

Indication: Cough and wheezing for 5 months.

Technique: PA and lateral views of the chest were obtained.
Comparison: None

Prior Report: None

Findings:

1. Degenerative changes seen in the dorsal spine.

. The lungs show no mass.

. The lungs show no effusion.

. Diaphragms are sharp.

. Prominent interstitial lung markings at lung bases more
the right the left with some consolidation of markings.

. Atelectasis is noted.

. Infiltrate in the right middle lobe laterally.

. Cardiac size is normal.

. There is no hilar adenopathy.

0. There is no mediastinal adenopathy.

u s WN

context like indication, technique,

= O 00 N O

and comparison sections when

Frontal Image Lateral Image (sisped horizontaly for cisplay)

aval Iable' Data source Subset Task # Patients # Samples % Has Lateral % Has Prior
Train Test Train (%) Test Train Test Train Test
MIMIC-CXR  All FindGen 55218 285 158555(31%) 2461 60.6 453 64.2 88.6
. . MS-CXR PhraseGround 595 128 817 (0.2%) 176 O 0 0 0
« Combines public (MIMIC-CXR,
PadChest All FindGen 52828 1559 85598 (17%) 2925 46.0 50.4 383 48.1
. PadChest PadChest-GR GroundRep 3122 893 3183 (0.6%) 915 447 45.7 323 31.7
PadChest, lU-Xray) and private : :
USMix All FindGen 118031 — 193 652 (38%) - 51.7 = 0 -
. GR-1 GroundRep 45155 - 60463 (12%) - 48.0 - 0 -
(USMix) chest X-ray report GR-Bench  GroundRep 8458 1199 8580 (1.7%) 1231 812 798 0 0
. IU-Xray All FindGen - 3198* = = 3306 -~ 924 = 0
generation datasets. :
Total Multi-task 226077 = 510848 (100%) = 53.4 = 26.5 =

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

<obj>
fe=]
Language model e There is a left-sided pneumothorax.”
- <box> </box>
U000 QUDOOONY QUUO0N0 NOOODOID MO0 0 oM &= </obj>
fom—
5 =
+ o0 Adapter + o + + 2 03 e <obj>
23 @3 23 23 2 &= “The bilateral opacities are improving.”
T - o Y oY o2 ® <box> </box>
=s Vision encoder == =8 == E bo /o
— o = @ i) =@ (@]
= & <box> </box>
N A
é ﬁ D 3 o
System Current Prior Task nication, - <Obj>
y T G R e : technique, ves Cardiomediastinal silhouette is normal.”
message ontal image image ro )l image report instruction — 8
comparison </ObJ>

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

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

localize abnormalities on the image.

<obj>
fe=]
Language model e There is a left-sided pneumothorax.”
- <box> </box>
U000 QUDOOONY QUUO0N0 NOOODOID MO0 0 oM &= </obj>
fom—
5 =
+ o0 Adapter + o + + 2 03 e <obj>
23 @3 23 23 2 &= “The bilateral opacities are improving.”
T - o Y oY o2 ® <box> </box>
=s Vision encoder == =8 == E bo /o
— o = @ i) =@ (@]
= & <box> </box>
N A
é ﬁ D 3 o
System Current Prior Task nication, - <Obj>
y T G R e : technique, ves Cardiomediastinal silhouette is normal.”
message ontal image image ro )l image report instruction — 8
comparison </ObJ>

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



. Visual Instruction Tuning

MAIRA-2

Results:
« MAIRA-2 achieves top logical A
RadFact: logical RadFact: grounding RadFact: spatial
BLEU-4 RadCliQ ({) precision / recall precision / recall precision / recall
precision (>50%) and high maraz s [ I e ..
i ici . [ A e T O
grounding precision on new VARAZPodChe i’ | | | | | . . I I E—
0 10 20 30 40 50 O 1 2 0 20 40 60 0 20 40 60 80 0 10 20 30 40
grounded report tasks. B
RadFact: logical
BLEU-4 CheXbert Macro F1-14 RadCliQ (4) RadGraph F1 precision / recall
Med-PaLM M (MIMIC) | | 1
.« e LLaVA-Rad (MIMIC) | |
« Sets new SoTA on traditional
Med Versa (MIMIC) H H H
. MAIRA-1 (MIMIC) H [ " H ¥
report generation benchmarks, -
mara-2 (mivic) [ - T e
outperforming prior models and mAIRA-2 (Padchest) [ I e e
i -2 (IU- g L S
generalizing well to unseen data. varszouxcy) IR 202 NS 2B —
0 5 10 15 20 0 10 20 30 40 0 1 2 3 0 10 20 30 0 20 40 60

[1] Bannur, Shruthi, et al. "Maira-2: Grounded radiology report generation." arXiv preprint arXiv:2406.04449 (2024).
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MedGemini
Med-Gemini Development
Inherited capabilities Medical specialization
Advanced reasoning self*fralning with
web search integration
Gemini Med-Gemini

Fine-tuning & customized
encoders

Multimodal understanding

Long-context processing — Chain-of-reasoning prompting

[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).
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MedGemini

Medical Modalities
& Kngwlcdgc

» / lf
o /
|
/ _'. :“;“.\ f
@Ry |
= f
— /

Med-Gemini
e

a——

2D
Gemini N~

../"—: \‘ \\\ fr— '/
(@) d Tl &
Q '—_/ o4 (/i Ne— \

Applications

2D Report
Generation

3D Report

Generation

Polygenic Risk

‘regiction

[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).
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MedGemini
Data: Modalit Dataset No. examples | No. Images | Description
y p g p
M han 7 mill d | Slake-VQA 4,919 450 Radiology images & QA pairs
ore than / million data samples MIMIC-CXR 2,142,892 231,483 Radiology images & free-form reports
illi i i Digital Knee X- 1,469 1,469 Knee X-ray i & label
from 3.7 million medical images Radiology (2D) | — &' o -nee &1ay e¢ -rdy images & tabe’s
CXR-US2 132,680 132,680 Radiology images & free-form reports
and cases is used for fine-tuning NLST 2,199 2,199 2D CT slices & free-form reports
. . . CT-US1 3,207 3,207 2D CT slices & free-form reports

and further instruction-tuning of : :

Radiology (3D) CT-US1 657,719 657,719 3D CT images & free-form reports
Gemini for medical applications in Pattiolay PathVQA 19,654 2,599 Pathology images & QA pairs

o Histopathology 1,550,976 207,603 Histopathology images, captions, & QA pairs

Med-Gemini Dermatology PAD-UFES-20 2,047 2,047 | Skin lesion images & labels

Ophthalmology EyePACS 14,406 14,406 Fundus images & labels

) PMC 2,246,656 2,246,656 | PubMed Central images & caption pairs
Medical VQA e ;
MedVQA 12,664 3,168 Medical images & QA pairs
Genomics UK Biobank 259,225 259,225 Genomic data & disease outcomes

[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).
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MedGemini

Results:

« Evaluation of advanced reasoning

60

40

s Med-Gemini
Previous SoTA
Best GPT-4 Method

Medical Benchmarking

GPT-4 resuits not
available (NA) due to
context length limitations

on text-based tasks.
20
« Evaluation of multimodal

capabilities- 2D, 3D, Signal QA.

...................................................................................

« Evaluation of long-context

Relative Improvement over SOTA (%)
(@)

capabilities on video and EHR tasks ..
60 ‘A A

2~ & = W~ I L~ £ Yo D I~ D L= 2 o Lo =
= O ju < (%)

g& EE€ 59 €S §§ &5 €7 &5 S£5 ¢§¥ S5 22 £F 25

(&M O35 DD T EE Ok El S ol oN%] 0.0 O_o o (78N
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Advanced Text Reasoning Multimodal Understanding Long-context Processing

[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).



. Visual Instruction Tuning

L] ®
I I ed G e m I n I # While the degenerative changes seen on the x-ray could
potentially contribute to your patient's back pain, it's
important to note that correlation doesn't equal causation.
Many people have degenerative changes in their spine
without experiencing pain, and conversely, back pain can
have numerous causes beyond just degenerative changes.
Therefore, while the x-ray findings are worth noting, they
don't definitively explain your patient's back pain. A
comprehensive evaluation, including a detailed history,
physical examination, and potentially additional imaging or
tests, would be necessary to determine the exact cause of
their pain.
Please let me know if you have any other questions.
To help me communicate all of this to my patient,
o e fe, e please rewrite the report without medical terminology:
b \
Example of Med-Gemini’s long-context capabilities on a Chest X-ray |
Image- . " Chest X-ray Results:
Hello, | am a primary care physician and this is a chest x-ray @ e Heart: Normal size.
for ad patien; <l)f mir[xg,l'll'(he formil rladiologzj’ reportdis hsti“ e Lungs: Clear, no signs of infection or fluid buildup.
P H H b/ nding and | would like some help to understand the x-ray. . Mi i i
Here, Med-Gemini helps interpret a patient’s chest X-ray. It produces a Piaass whie s rackibopy piort Jor e ¥ B e e
report noting a normal heart, clear lungs, and mild age-related spine ; L e
H H A i i 4 | FINDINGS: The heart is at the upper limits of normal size. The and tear in the lower spine might be related to your back
changes. When asked, it explains these findings in detail and ek bl i el painbut ther fctors couk o beivolved,Wetl e
: . ’ . The lungs appear clear. There are no pleural effusions or PRE.O > H bt S0
emphasizes that they may not fully account for the patient’s back pain. Rt Miel Hobacatios ot aicios s feeet Morc
It t h h t h It . . l t . t f . d l l Th the lower thoracic spine. IMPRESSION: No evidence of acute
en repnrases the resuits in simple, patient-friendly language. i he Jrease. Thank you. That is useful while | wait for the radiologists @
. . . t.
official radiology report—unseen by the model—closely matches its : . Lt |
What evidence do you see for degenerative changes?
output, showing Med-Gemini’s accuracy and flexibility in both clinical , 4 | Youre weicomet fm glad 1 couid help. If you have any further
. . . . X : : questions, feel free to ask.
and Patlent communication f Mild degenerative changes are noted along the lower thoracic
. spine. This can be seen by the slight narrowing of the
intervertebral disc spaces and the presence of small D et e .
osteophytes (bone spurs) along the anterior margins of the 1 Ground truth report (not provided to model) 1
vertebral bodies. : !
1 FINDINGS: The cardiomediastinal and hilar contours are normal. The
f ! lungs are well expanded and clear, without focal consolidation, 1
My patient has a history of back pain. Might this explain the @ : pleural effusion or pneumothorax. Mild degenerative changes are :
back pain? 1 seen in the thoracic spine. IMPRESSION: No acute cardiopulmonary
" pathology. /I
~ ”

[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).
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SLaVA-CXR: three-stage visual instruction tuning

I T

LM + LoRA = ® UM + LrA O LM+ LoRA =
t t
§ e ! § Pk ! 1 Re*Training: i '
, _ g: Progressive Learning Framework
t oo i sl « Recognition (Foundation Building)
* Reasoning (Diagnostic Development)
| 1 1 « Reporting (Clinical Integration)

Generate a complete
radiological report.
Findings: xxx
Impression: xxx

What are the clinical implications
of these findings?
The presence of xxx, indicating

What do you see in this image?
This is a chest x-ray showing xxx

Stage1: Recognition Stage2: Reasoning Stage3: Reporting

Figure 4.1: Re*Training framework: Recognition, Reasoning, and Reporting

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



ll. Visual Instruction Tuning

SLaVA-CXR: three-stage visual instruction tuning

: : : 1
: : : 1 1
: . i e : : — = Re*Training: Progressive Learning Framework
LM + LoRa & | 1 A LLM + LoRA E i & UM+ Lora =
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% Projector : . 1 % : Projector : | &% Projector
: 1 :
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‘|- Embedding i Embedding : Embedding -
. . : | ; ; z
L : 1 : :
1 What are the clinical implications | i Generate a complete
What do you see in this image? ¥ of these findings? 1 radiological report.
»fl ~ Thisis a chest-ray showing xxx The preserice of xxx, indicatingxxx | Findings: o
i ' 1 Impression: xxx
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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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SLaVA-CXR: three-stage visual instruction tuning
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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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SLaVA-CXR: Small and efficient VLM for radiology

*Age: 65 years
*Gender: Male
*Clinical Presentation:
Shortness of breath

Radiopaedia.org Case
Chest pain
Fever for 3 days

This case demonstrates classical features of right
lower lobe pneumonia.

The consolidation shows air bronchograms and is
well-demarcated by the horizontal fissure.

The heart size appears normal, and there is no
evidence of pleural effusion.

The patient's clinical presentation of fever, productive
cough, and pleuritic chest pain is consistent with
bacterial pneumonia.

Differential diagnoses could include atelectasis, but
the presence of air bronchograms favors
consolidation over collapse.

Diagnosis:

Right lower lobe pneumonia

Quiz

Q1: What abnormality is visible in the right lung?
A:There is consolidation in the right lower lobe with
visible air bronchograms.

Q2: What features help distinguish consolidation
from atelectasis?

A:The presence of air bronchograms and absence of
volume loss favor consolidation over atelectasis.
Q3: What is the most likely diagnosis given the
clinical context?

A: Right lower lobe pneumonia, given the fever, chest
pain, and consolidation pattern on imaging.

GPT-4 Processing

Instruction following data

RAD-CXR-3K Example

1. Clinical Report (Generated by GPT-4)

FINDINGS:

The cardiac silhouette is normal in size and
configuration. The mediastinal contours are
unremarkable. There is consolidation involving the
right lower lobe with air bronchograms visible within
the opacity. The consolidation is well-demarcated by
the horizontal fissure superiorly. The left lung appears
clear with normal vascularity. No pleural effusion is
identified. The osseous structures and soft tissues
are unremarkable.

IMPRESSION:

1.Right lower lobe consolidation with air
bronchograms

2.Findings consistent with right lower lobe
pneumonia given clinical presentation

3.No evidence of pleural effusion or other
complications

4.Recommend clinical correlation and appropriate
antibiotic therapy

2. Conversational Data

Q1: What abnormality is visible in the right lung?
A: There is consolidation in the right lower lobe with
visible air bronchograms.

Q2: What features help distinguish consolidation
from atelectasis?

A: The presence of air bronchograms and absence of
volume loss favor consolidation over atelectasis.
Q3: What is the most likely diagnosis given the
clinical context?

A: Right lower lobe pneumonia, given the fever, chest
pain, and consolidation pattern on imaging.

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

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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SLaVA-CXR: Small and efficient VLM for radiology

o Enlarged : 5 : s

Methods No Finding T - Cardiomegaly Lung Lesion Lung Opacity Edema Consolidation
LLaVAvO0 (Liu et al., 2023c) 81,71 50.12 49.29 S, 11 50.17 3101 3025
LLaVA-Med (Li et al., 2023) 51.66 50.00 53.96 54.59 50.16 52.80 52.89
LLaVAvl.5 (Liu et al., 2023b) 49.98 50.00 50.59 50.59 50.14 50.06 50.28
TinyGPT-V (Yuan et al., 2023) 51.07 49.31 49.63 51.38 53.07 50.99 32.51
LLaVA_phi (Liu et al., 2023c¢) 49.10 49.97 50.67 50.04 50.50 30.37 50.44
SLaVA-CXR (Ours) 58.87 50.53 57.30 59.15 59.34 59.68 58.15
Methods Pneumonia Atelectasis Pneumothorax Pleural Effusion Pleural Other Fracture Support Devices
LLaVAv0 (Liu et al., 2023c) 31,22 50.02 51.56 50.79 3058 49.76 53.50
LLaVA-Med (Li et al., 2023) 52.86 50.00 50.00 53.47 50.16 32.92 88.73
LLaVAv1.5 (Liu et al., 2023b) 50.41 50.00 50.00 50.43 50.11 50.10 55.47
TinyGPT-V (Yuan et al., 2023) 49.33 50.32 51.42 49.94 50.32 50.57 33.27
LLaVA_phi (Liu et al., 2023c¢) 50.62 49.94 50.00 50.07 50.28 50.72 52.04
SLaVA-CXR (Ours) 55.62 52.21 58.85 55.54 50.54 54.91 39,11

The model performs well across 12 abnormalities.

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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SLaVA-CXR: Small and efficient VLM for radiology

2.5 Generation Summarization
Methods Average
MIMIC-CXR [U-Xray MIMIC-CXR IU-Xray

2 LLaVA-Med  17.56 19.59 9.79 11.64 1550
| LLaVAv1.5 5.38 5.62 7.20 497 579
1.5 SLaVA-CXR 3.32 4.45 1.26 1.10 253
1 ’ . [l [ L]
Also, the model’s efficiency for inference is
0.5 about 6 times faster.

Correctness Completeness Coherence
LLaVA-Med (Gen) m SLaVA-CXR (Gen)
LLaVA-Med (Sum) MW SLaVA-CXR (Sum)

Model performance confirmed with radiologists.

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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SLaVA-CXR: Small and efficient VLM for radiology

Methods

Example 1

| Example 2

Example 3

Ground Truth

Normal cardiomediastinal contours. Right
lower lung patchy opacities. Small right
pneumothorax. Small right pleural effusion.

No acute cardiopulmonary abnormality.

There are diffuse predominantly perihilar
airspace opacities with slightly nodular ap-
pearance, which are new from prior studies.
Superimposed hilar adenopathy is difficult
to exclude. No pleural effusion or pneumoth-
orax is seen. The cardiomediastinal contours
are within normal limits. No acute osseous
abnormality is detected.

LLaVA-Med

The image is a chest X-ray taken on day
1 in the emergency department. It shows a
large right-sided pleural effusion, which is an
abnormal accumulation of fluid in the pleural
space surrounding the lungs. Additionally,
there is a small left-sized pleural fluid. The
image does not show any signs of pneumonia
or pneumothorax.

Chyle leak refers to the leakage of chyle, a
milky fluid containing lymph and fat parti-
cles, from the lymphonodus (lymphatic ves-
sel) into the pleural cavity or other surround-
ing tissues. This can occur as a complication
of certain surgeries or medical procedures.

The image is a chest X-ray taken on post-
operative day 1, which shows hypo-inflated
lungs without any evidence of pleural fluid
or pneumaothoraces. The heart and mediasti-
nal contours appear normal, and the cardiac
dimensions are within the normal range. The
right sub-clavicular stent, which was previ-
ously present, remains unchanged.

SLaVA-CXR

The chest x-ray demonstrates a right-sided
pneumothorax with complete collapse of the
right lung and a small right pleural effusion.
The left lung is clear. The heart size is within
normal limits.

The lungs are unremarkable.

The chest x-ray demonstrates rounded opac-
ity in the upper zone, suggestive of hilar
adenopathy. The heart size is within normal
limits. The lungs are clear with no evidence
of pleural effusion.

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

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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SLaVA-CXR: Small and efficient VLM for radiology

Evaluation
Generation; Summarization; Classification

Key Results:

*60% performance improvement vs LLaVA-Med (ROUGE-L: 13.77% vs 8.60%)
*6.1X% faster inference (2.53s vs 15.50s average processing time)

*Superior efficiency: 2.7B parameters vs 7B+ competitors

Contributions:

*Proved quality over quantity: small curated datasets outperform large ones
Lightweight architecture suitable for resource-constrained clinical environments
*Progressive training methodology for better multimodal alignment

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

Step 1 Supervised Fine-Tuning Step 2 Training a Reward Model Step 3 Optimize Policy

ol
w —» —» Prompt /
-/' t“l J’ - Answer 1 = Answer 2 //

Prompt
Collect human Answer 2 / i
demonstration data Collect human preference data /

u 1L - m é
. é / Answer 1 \l . (_ —’ L — // tml

(o \\

SFT

l I~
_ v Reward «—
é Supervised é é Supervised é Do &
tml Fine-tune tﬂl Y'm Fine-tune Y‘ﬂl .l‘\
e s:2 aD ao ao K RM
Base LLM SFT Base LLM RM
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https://aws.amazon.com/what-is/reinforcement-learning-from-human-feedback/



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

Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

Modality Dataset No. examples | No. Images | Description
Slake-VQA 4,919 450 Radiology images & QA pairs
MIMIC-CXR 2,142,892 231,483 Radiology images & free-form reports
; Digital Knee X-ray 1,469 1,469 Knee X-ray images & labels
Radiology (2D) ; :
CXR-US2 132,680 132,680 Radiology images & free-form reports
NLST 2,199 2,199 2D CT slices & free-form reports
CT-US1 3,207 3,207 2D CT slices & free-form reports
Radiology (3D) CT-US1 657,719 657,719 3D CT images & free-form reports
Patliology PathVQA 19,654 2,599 Pathology images & QA pairs
Histopathology 1,550,976 207,603 Histopathology images, captions, & QA pairs
Dermatology PAD-UFES-20 2,047 2,047 Skin lesion images & labels
Ophthalmology EyePACS 14,406 14,406 Fundus images & labels
. PMC 2,246,656 2,246,656 PubMed Central images & caption pairs
Medical VQA
MedVQA 12,664 3,168 Medical images & QA pairs
Genomics UK Biobank 259,225 259,225 Genomic data & disease outcomes
Signal QA | ECG-QA (cardiology) | 159,306 | | Close-ended signal QA of electrocardiograms

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

Saab, K. et al. Capabilities of Gemini Models in Medicine. 2024.

Yang, L. et al. Advancing Multimodal Medical Capabilities of Gemini. 2024.



Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

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)

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



Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

Prompt
Example of Med-Gemini’s long-context
You are a helpful medical video assistant. Capabi/ities on a Surgical Video.
Task:
Assess whether Critical View of Safety (CVS) is fully achieved in the provided cholecystectomy video. . .
The Critical View of Safety (CVS) is fully achieved if the following three criteria are met: It ana/yzes a video Cllp from the Cholec80 dataset
e C1: Clear view of 2 tubular structures connected to the gallbladder. . i .
e C2: A carefully dissected hepatocystic triangle presenting an unimpeded view of only the 2 cystic structures and to assess achievement of the Critical View of
e the cystic plate. . .
e C3: The lower third of the gallbladder is dissected off the cystic plate. Saf ety (C VS) dur n g a I ap ar OSCOp IC
, : cholecystectomy (a keyhole operation to remove
nstructions:
1. Watch the video carefully, and answer which of the Critical View of Safety (CVS) criteria are met. the ga[/b[adder) . The model assesses whether the
2. Output Format: ) ) L. )
e CVS Assessment: three criteria defining the achievement of the CVS

o C1- achieved / partially achieved / not achieved (Optional explanation) . . .

o C2 - achieved / partially achieved / not achieved (Optional explanation) are met, with a detailed exp/anatlon for each

o C3 - achieved / partially achieved / not achieved (Optional explanation) c rite f'iO n se p arate ly
Response
CVS Assessment:

C1 - partially achieved: Two tubular structures are visible but the view is not entirely clear due to some bleeding obscuring the area.

C2 - not achieved: The hepatocystic triangle is not clearly dissected, and there is not an unimpeded view of only the two cystic structures and the cystic
plate.

C3 - not achieved: The lower third of the gallbladder is not dissected off the cystic plate.

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

Original Clinical Visual Question:

i,\

Does this chest X-ray show cardiomegaly? Previous Model Output:

Options:
A) Yes Output:A) Yes
Fhe Result-only

Reasoning-enhanced Model Output:

Output:

Low Level Patterns

High Level Diseases

Step-by-step Radiology Interpretation Thoughts

7 Reasoning Processes:

- . . . o 1 .

8 X Hazy Opacity To determine if the chest X-ray shows cardiomegaly, it's crucial to
A Komal Heart Size analyze the size of the heart.The key indicator is the cardiothoracic

Q the maximal horizontal thoracic diameter. In a normal PA chest X-ray,
this ratio is expected to be less than 0.50 ...

/R Support Devices ratio, which is the ratio of the maximal horizontal cardiac diameter to
Atelectasis, no cardiomegaly, ......

Therefore, the answer is A) Yes

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



lll. 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.

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

Problem 1: What can be observed in this image?
A) Lungs B) Bladder C) Brain D) Heart
MedVLM-R1 Output:

k rer > A answel Groundtruth Answer: A

Problem 1: What can be observed in this image?
A) Lungs B) Bladder C) Brain D) Heart
MedVLM-R1 Output:

\ answer > A nswel Groundtruth Answer: A

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

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)

GRPO

Reference
Model

Reward
Model

1 1

Group A
Computation

G

it DeepSeek-R1-Zero

& |5
!.SH

G

E H
NN

Outputs Rewards Advantages

Question Template

What can be observed in this image?

A) Cartilage degeneration B) Labral pathology
C) Bone fracture D) Tendonitis

Model Input Prompt

{Question} Your task:

1. Think through the question step by step, enclose your rea-
soning process in <think>...</think> tags.

2. Then provide the correct single-letter choice (A, B, C, D,...) inside <an-
swer>...</answer> tags.

3. No extra information or text outside of these tags.

Model Output Examples
think> The image is a grayscale MRI image of an upper arm joint. The bicondy-
lar humeral head of the humerus is visible. There is a well-defined ... think

. |93 4 - 3 S| Indicati f 1
answel b, tnere 1S Nno clear indication or ... answel

Format Reward = 1 due to the present of all tags and no content outside the tags
\Accuracy Reward = 0.5 due to extra explanation appended after the answer -

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

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.

Question Template

What can be observed in this image?

A) Cartilage degeneration B) Labral pathology
C) Bone fracture D) Tendonitis

GRPO KL Model Input Prompt
Ref. {Question} Your task:
S T A 1. Think through the question step by step, enclose your rea-
Model 1 1 . ; . ;
ode soning process in <think>...</think> tags.
Reward 7, Group A, 2. Then provide the correct single-letter choice (A, B, C, D,...) inside <an-
Model Computation SWGI'>...</&HSW€I'> tags.
— s oo 3. No extra information or text outside of these tags.
i DeepSeek-R1-Zero
Og T AG Model Output Examples
think [he image is a grayscale MRI image of an upper arm joint. The bicondy-
Outputs Rewards Advantages & " o " . e e . T
lar humeral head of the humerus is visible. There is a well-defined ... think
answer>B, there is no clear indication of ... answel

Format Reward = 1 due to the present of all tags and no content outside the tags

\Accuracy Reward = 0.5 due to extra explanation appended after the answer ,

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



lll. Reasoning Enhancement

Medvim-rl

Main Results:

- RL surpasses SFT significantly

- Strong generalization abilities

Table 1: Results of VQA-VLMs on MRI (in-domain), and CT and X-Ray (out-of-

domain) modalities. "—2B" indicates the model has 2 billion parameters, etc.

Mol Num. of Seen | In-Domain / Out-of-Domain P
Medical Sample [(MRI-MRI) (MRI-CT) (MRI->X-ray) | &

Random Guess | by | 25.00 30.25 26.00 | 27.08

Zero-shot VLM

Qwen2-VL-2B / 61.67 50.67 53.00 55.11

Qwen2-VL-7B / 72.33 68.67 66.63 69.21

Qwen2-VL-72B / 68.67 60.67 72.33 67.22

Zero-shot Medical VLM
Huatuo-GPT-vision-7B ‘ 1,294,062 | 71.00 63.00 73.66 ‘ 69.22
MRI fine-tuned VLM
Qwen2-VL-2B (SFT) 600 94.00 54.33 34.00 59.44
Ours-2B (GRPO) 600 95.33 70.33 69.00 78.22

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



lll. Reasoning Enhancement

Medvim-rl

Main Results:
- RL Surpasses SFT significantly
- Strong generalization abilities

- Model learns to fill the <think> part.

Problem 1: What can be observed in this image?
A) Lungs B) Bladder C) Brain D) Heart
MedVLM-R1 Output:

of lung markings and the ribcage are charac

hest X-ray.

Groundtruth Answer: A

Problem 2: What content appears in this image?
A) Cardiac tissue, B) Breast tissue, C) Liver tissue, D) Skin tissue
MedVLM-R1 Output:

'he image appears to be a mammogram, which is a type

d t abnormalities in the breast tissue. The image

b issue with various densities and patterns, which are
m ograms think

B< /answer Groundtruth Answer: B

Problem 3: What is the finding in this image?

A) Stomach ulcer, B) Nerve compression,
C) Cord pathology, D) Liver cirrhosis

MedVLM-R1 Output:

C< /answel Groundtruth Answer: C

N\

Problem 4: What is the specific abnormality present in this image?
A) Gastritis, B) Arthritis, C) Appendicitis, D) Urolithiasis
MedVLM-R1 Output:

'he image presented is transverse C'T scan of the abdomen

[he presence of calculi

the pelvic organs is a consistent finding in urolithiasis think

Groundtruth Answer: D

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



lll. Reasoning Enhancement

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

Step-by-step Radiology Interpretation Thoughts

Low Level Patterns

B Hazy Opacity

Q Nomal Heart Size

/Q Support Devices

| R

High Level Diseases Atelectasis, no cardiomegaly,

Findings:

lung which show atelectasis

Impressions:
Atelectasis......

#  Clinical Report

Hazy opacity is present in the right

B

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.

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



lll. Reasoning Enhancement

ChestX-Reasoner: Mined reasoning case in CXR (Beyond MCQs)
Data construction:
- Adopt radiology reports as the basic references;
Clinical Report Minin
- Adopt diverse case as task seeds; .
- Prompt GPT-4 to generate the case with reasoning : , : : : : : :
Binary Disease Diagnosis Single Disease Diagnosis
based on reports.
Image: Image:
Data and task distribution: "‘ h]
Train Datasets Task Categories i y . o .
] Question: Does this chest X-ray show Question: Which findings is in this
ChexPert Binary Disease Diagnosis atelectasis? thlS CheSt X_ray? A) CardiomegaIY’“
] Reasoning: The X-ray reveals mild Reasoning: Normal heart size is
Anomaly Detection || linear opacities located at... observed, thus excluding A) ...
MIMIC-CXR —
Multiple Disease Diagnosis Answer: YeS Answer: B) Edma
== RSNA T
= STIM Single Disease Diagnosis [
— MS-CXR-T Temporal Comparison Analysis

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



lll. Reasoning Enhancement

ChestX-Reasoner:

Metrics on Reasoning (RadRScore)

» Effectiveness: Proportion of efficient
reasoning steps.

* Factuality: Proportion of valid
reasoning steps.

* Completeness: Recall of referenced

reasoning steps.

Effectiveness
Model Reasoning Steps GT Reasoning Steps
. Find opacification ... @ * Find opacification in left

. Find enlarged heart ... [¥] ﬁ lower lung, showing ...
. Find mild rib fracture ...[%) ¢ Find no evidence of

cardiomegaly ...
Factuality
Entities in Model Reasoning Radiology Report

« left lung opacification ... show opacification in left
- enlarged heart size (%) “ lower lung which represents

) new pneumonia ...No evidence
of cardiomegaly

e mild rib fracture

Completeness

Entities in GT Reasoning Entities in Model Reasoning

+ pneumonia * left lung opacification

* left lung opacification o enlarged heart size

« no cardiomegaly (%) « mild rib fracture

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

Model Training:

Stage I: Supervised Fine Tuning

Involves two stages of trammg' ChestX-Reasoner Stage II: RL with Process Supervision

 Supervised fine-tuning /

* Reinforcement learning

Reasoning Process Supervision

Desisns three reward functions: Model Output Reasoning Processes:
g ) Process 1) First, I found hazy opacity is present in the right lung.
P 2) Second, I noticed enlarged heart size.
* Outcome-based rewards: format and accuracy SRS U =

Process 3) Third, I checked no signs of rib fracture.

* Process factuality reward: correctness of generated reasoning steps |

ChestX-Reasoner

1 1 1 1 1 Generated Tokens
ul 'u2 ven pl p2 pm 01
Input —>» Model 7y : : See Generated Answer Tokens
G G G G G
Uq Uy | *** Py Y2 Pm | OG Ground Truth Tokens

—

: @ Reasoning Processes
Process Process : Outcome |
Reward Reward i Reward | Answer Process
Additional Process Supervision | @ :

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

RadRScore Distribution Accuracy Distribution
0.81
5 .
-+ 0.7
0.4 + + %
© .. 0.6
Sz T a o
£ 0.3{ == = %
< F 300
3 : e
0.2 |
0.4
0.1 0.31 % %
] DeepSeek-VL-7B B Qwen2VL-7B B GPT-40 [ MedDr-40B ChestX-Reasoner-7B
1 LLaVA-Next-8B B Qwen2VL-72B [ RadFM-14B [ CheXagent-3B

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

Traditional medical Al 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 Al
1. Capture expert cognitive processes through eye tracking
2. Use visual attention as clinical prior knowledge
3. Bridge the gap between Al 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




lll. 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 () (b) (©) (d)

 Diagnostic text reports
g p Figure 3. Example of the localization information provided by the eye-tracking data and how it was validated. (a) CXR read

* D|Sease |abe|s by the radiologist. (b) Union of the abnormality ellipses selected by radiologists used to compare against heatmaps. (c)
Heatmap generated by the fixations made by the radiologist while dictating the report. (d) Average heatmap for all radiologists

and CXRs read in phases 1 and 2, n'prmalized to the location of lung and heart of the CXR.

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.
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Eye-Gaze — vl

Diagnosis Recommendation Diagnosis Report Confirmation

Opacities involving the right
. . middle lobe and left lower lobe
Raleloglst = are again demonstrated and
may represent heart failure or
infection in the appropriate
setting

Input
p—

E 4

=
Z
7~ N

ICD code 428.0 ; —Q ’-
CONGESTIVE HEART N
FAILURE, UNSPEC ; =
4
Chest X-ray LMM ICD code J18.9 : Pneumonia, [ — -—
a unspecified organism ’ \ Eye Fixation
A ’ Prompt from
N a Radiologist
4 Chest X-ray \ v /
Possible differential diagnoses based on this chest
radiograph could include congestive heart failure,
pneumonia, malignancy, or pulmonary embolism.
LMM
Eye Fixation Disease NER v  ICD Code Linking
Prompt from v

a Radiologist

Contains a Mistake/Error or Not

Integrate the eye fixation information into textual prompts

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
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Eye-Gaze — v2:

Preprocessing
p .
R — , Automation
—_—
F ‘ Langt?age ) Detection
Chest X-ray Vlas:gn <
/ Assistant \
\
\\
Eye Gaze from e \\1

a Radiologist

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

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


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

lll. Reasoning Enhancement

Eye-Gaze — v3:

Previous Works I B BN BN B B B

Medical
Finetune LVLM

Tmbl
2

" e e B EE8
[RadEerideoJ

[ Heat Map ]

General Domain LVLM for Video
w/o Finetuning

y Report: No pneumothorax. No
. Medical pneumonia. The cardiac Diagnosis: Cardiomegaly.
Fixation: Finetune LVLM silhouette is enlarged.

T\ml
W 1

X:0.78,Y:0.23,
Time:2.2s
For CXR Report Analysis
| Text |

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).
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Eye-Gaze - v4:

| Visual Prompt: Grounding |

P W Generated
e ) CXR Report
i
ﬂ The chest radiograph
reveals mild vascular
{ Grounding ] Multimodal LLMs congestion and a
(Mark) _ S w/o Finetuning retrocardiac opacity,
i S——— | (e.g. CXR-LLaVA, likely due to
- ' T LLaVA-Med, atelectasis. There is
s A il LA LLaVA-OneVision) also evidence of mild
g —~ Abnormality: cardiomegaly. No
= a Cardiomegaly, pneumothorax is
N Fixation Time: observed.

5.6 seconds

{ Eye Fixation ]
(Look) | Textual Prompt: Gaze Duration |

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

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.
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I\V. Applications: Basic Applications

Report Generation

Please provide radiology
report for these medical
images.

Findings 1 shunt having

Findings 2: There s dfuse expansion of the third ventricle, bilateral lateral

ind periventricular white matter hypodensities

-y » tained
Groundtruth Biomedparse

ted. (RaTEScore = 70.18)

of blood
= rachnoid
TEScore = 32.29)

a

ture. (RaTEScore = 89.57)

<BiomedParse> + <LLaVA-Med>
Finding 1: A large periportal hematoma, which s a collection of blood around the
portal vein. (RaTEScore = 16.84)

¢ Prompt

Given the image, what are the radiology findings?

FINDINGS: mild cortical atrophy and periventricular white matter changes are noted compatible with microvasculopathy. there is
proportionate ventriculomegaly. no bleed, mass effect, midline shift or abnormal intracranial fluid is seen. no evidence of acute
intracranial hemorrhage, territorial infarct, abnormal fluid or mass effect.no abnormal extra-axial fluid collection is identified. no
definitive evidence of intracranial hemorrhage or large territorial infarct within the limits of ct imaging. old left basilar ganglia
infarct. no intracranial mass, swelling, hemorrhage, infarction or extra-axial collection is seen. visualized mastoid air cells: well
pneumatized. visualized paranasal sinuses: well pneumatized. atherosclerotic calcification of vasculature at the skull base.

4 Response

Qy Radiologist Written Report

FINDINGS: the fourth ventricle is midline. the remaining ventricular system is within normal limits. there is mild chronic white
matter microangiopathic disease and moderate generalized cortical atrophy. no bleed, mass effect, midline shift or abnormal
intracranial fluid is seen. bone windows demonstrate an intact skull. the remaining visualized paranasal sinuses and mastoids are
clear. chronic white matter microangiopathic disease, mild generalized cortical atrophy, not significantly changed since 2015. no
evidence of acute intracranial hemorrhage, territorial infarct, abnormal fluid or mass effect.

[I1 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.
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Diverse VOA and diagnosis

Task Input Prompt RadFM Output
Modality f e enins b X-ray
Classification B image? <image-1>
| <image-1> |
Bisassa <image-1>Based on this X-ray,
Di . what type of spine disease is Osteophytes, Disc space
Iagnasts suspected? narrowing
<image-1> Il |
Medical What is the location of the
VOA contrast blush in the image? Midpoint of the left colon
Q <image-1>
|| <image-1> |

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




IV. Applications: Basic Applications

Error Checking

|

| '

: : SIMPLE

| : —» Error-Checking

: ' (Yes/No)

| '

' ;

' '

: ' Vision-

: Radiograph(Xray/CT/etc.) :—> Language

I : Model

' J

|

| : COMPLEX

| - Error-Checking
' ,

\ : (Type of Error)

|

: Radiology Report E

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

FINDINGS:

There is consolidation in the right lower lobe consistent with pneumonia. The
cardiac silhouette is enlarged suggesting mild cardiomegaly. No pleural
effusion or pneumothorax is identified. Bilateral costophrenic angles are sharp.

IMPRESSION:

Systematic Error Taxonomy & Dataset Construction

Three Clinically-Relevant Error Types
1.False Positive (FP): Template/voice recognition artifacts
1. Example: Report mentions "pleural effusion” not visible in
image

Right lower lobe pneumonia. Mild cardiomegaly.

Extracted Entities: consolidation, pneumonia, cardiomegaly, right lower lobe

2. Clinical cause: Auto-populated findings from previous studies
2.Missed Findings (MF): Satisfaction of search bias
1. Example: Obvious fracture documented, subtle pneumothorax
missed
2. Clinical cause: Cognitive bias after finding major abnormality
3.Terminology Confusion (TC): Dictation/transcription errors
1. Example: "Right lower lobe" — "Left lower lobe"
2. Clinical cause: Voice recognition errors, fatigue-induced
mistakes

Expert-Guided Dataset Creation

» Entity curation: 20 common chest radiography findings (expert-validated)
« Synthetic generation: Systematic error introduction with clinical realism

» Distribution: 75% correct / 25% error (reflects real-world rates)

« Scale: 17,000 training + 2,000 evaluation samples

* Cross-validation: MIMIC-CXR + U X-ray for generalization testing

False Positive (FP)

FINDINGS:

There is consolidation in
the right lower 1lobe
consistent with pneumonia.
The cardiac silhouette is
enlarged suggesting mild
cardiomegaly. No pleural
effusion or pneumothorax is
identified. The left lung
appears clear.

IMPRESSION:
Right lower lobe pneumonia.

Generated Error Examples

Missed Findings (MF)

FINDINGS:

The cardiac
silhouette is enlarged
suggesting mild
cardiomegaly. No pleural
effusion or pneumothorax is
identified. The left lung
appears clear.

IMPRESSION:
Right lower lobe pneumonia.
Mild cardiomegaly.

Terminology Confusion (TC)

FINDINGS:

There is consolidation in
the > r

IESY consistent with
pneumonia. The cardiac
silhouette is enlarged
suggesting mild
cardiomegaly. No pleural
effusion or pneumothorax is
identified. The left 1lung
appears clear.

IMPRESSION:
Right lower lobe pneumonia.
Mild cardiomegaly.

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

Experimental Analysis

Zero-shot Results:

Task-specific models dominate: LLaVA-CXR-ES achieves
83.18% F1 (SIMPLE)

Scale paradox: LLaVA-1.5-13B fails completely (0.00% F1) vs
smaller models

Complexity barrier: COMPLEX task proves significantly harder
(max 15.66% F1)

Few-shot Learning Discovery:

Counter-intuitive patterns: Specialized models degrade with
examples

General models improve: LLaVA-1.5-13B recovers (0% —
33.33% F1)

Optimization interference: Fine-tuning conflicts with in-context
learning

Shot Number Optimization Analysis

Non-monotonic relationship: Performance peaks at different shot

numbers

Stability trade-off: Higher shots — higher variance (up to £12.82

F1)
Task dependency: SIMPLE (2-3 shots optimal) vs COMPLEX
(variable)

Model MIMIC-CXR IU X-ray
SIMPLE COMPLEX | SIMPLE COMPLEX
BiomedCLIP 33.52 12.04 38.48 12.84
LLaVA-1.5-13B 0.00 0.00 0.00 0.00
LLaVA-1.0 1291 3.36 8.61 0.00
LLaVA-Med 33.52 0.40 29.64 491
LLaVA-1.5-7B 35.79 0.00 40.60 0.00
LLaVA-CXR-EC 39.16 11.27 32.36 15.66
LLaVA-CXR-ES 83.18 0.00 66.00 0.00

Table 6.5: Zero-shot evaluation performance measured by F1-scores across tasks. Optimal
results are highlighted in bold. LLaVA-CXR-ES and LLaVA-CXR-EC denote task-specific
adaptations of LLaVA-1.5-7B for SIMPLE and COMPLEX error detection scenarios, re-
spectively.

Model MIMIC-CXR IU X-ray
SIMPLE (F1) COMPLEX (F1) | SIMPLE (F1) COMPLEX (F1)

‘LLaVA-15-13B | 9.32(+9.32) 13.19(+13.19) | 33.33(+33.33)  14.04(+14.04)

LLaVA-1.0 8.53(-4.38) 3.36(-2.15) 38.16(+29.55)  0.00(+0.00)
LLaVA-Med 3.04(-30.48) 0.20(-0.20) 19.91(-9.73) 0.74(-4.91)
LLaVA-1.5-7B | 40.10(+4.31) 0.00(+0.00) 47.39(+6.79) 4.53(+4.53)
LLaVA-CXR-EC | 0.00(-39.16) 7.47(-3.80) 7.04(-25.32) 14.05(-1.61)

LLaVA-CXR-ES | 83.29(+0.11) 0.00(+0.00) 40.89(-25.11) 0.00(+0.00)

Table 6.6: In-context learning evaluation results. 2-shot and 4-shot examples were provided
for SIMPLE and COMPLEX tasks respectively. Performance change from zero-shot eval-
uation is shown in parentheses. LLaVA-CXR-ES and LLaVA-CXR-EC are task-specific
fine-tuned version of LLaVA-1.5-7B on SIMPLE and COMPLEX task, respectively.

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

Clinical Validation
2 board-certified radiologists, 60 cases (48 with errors, 12 correct)

e
™

o
~N

Key Findings

» 75-78% accuracy even for trained radiologists

* 35% of cases challenging - at least one expert made errors

 LLaVA-CXR-ES: 76.7% accuracy (close to human
performance on training domain)

o
o

BiomedCLIP
LLaVA-0
LLaVA-1.5-13B
LLaVA-1.5-7B
LLaVA-CXR-ES
LLaVA-CXR-EC
LLaVA-Med
clinician

accuracy
°o o
s w

o
w

Al as Quality Assurance Tool: Rather than replacing
radiologists, Al serves as an additional safety net for challenging
cases where human experts are prone to errors.

o
N

o
-

o
=)

uxray
mimic

dataset

Figure 6.3: Human evaluation accuracy comparison for the SIMPLE task. Results show
performance of clinical experts versus different model configurations.

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

Human-Al Complementarity
2 board-certified radiologists, 60 cases (48 with errors, 12 correct)

Key Findings from Pie Chart

*65% of cases: Both clinicians correct (in orange) v e B
*35% of cases: At least one expert made errors (in blue) ontineavy | [icamsetybyl "correct
D odels failed | | ciniclans ) Prodictions
. g failed
Al Assistance Value g I
- ™ %) neither
*71.4% accuracy on difficult cases where human experts struggled SScra) cinicians nor |
*Al catches errors humans miss L?ﬁ%if;’b:bom
m S an

clinicians

Practical Impact
v Human expertise handles routine cases effectively
v Al assistance prOVideS baCkUp for Challenging cases Figure 6.4: Human-Al complementarity analysis. The pie chart shows cases where both

H i - clinicians were correct (65%) versus cases where at least one clinician made an error (35%).
\/ comblned approaCh aChleveS better OUtcomeS than elther alone The ensemble model correctly identified 71.4% of the challenging cases.

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



IV. Applications: Agentic Systems

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.

Observations

@ P S®
\ O
R—.@ e~ [2]

@/

Goals

Environment

Medical Imaging

/ Radiology Dermatology Digital Pathology Ophthalmologﬁ Medical Text
¥
) & »
-_—
MedSigLIP
MedGemma 4B Multimodal
MedGemma 27B Text
W Development and Evaluation

\ Medical |mag|ng and Text ApplicatiOﬂS

[] Sellergren,_Andrew, et al "Medgemma technical report" arXiv preprint arXiv:2507 05201 (2025)




I\V. Applications: Agentic Systems

Mmedagent:

Agentic system to orchestrate MLLMs
- LLMs as the planner (Agentic Core/Brain) O Instruction Q Tool Use

- MLLMs as a perception model to read the £ /—\ /‘\

images (Eyes)

e
- Enhance the LLMs with multimodal ability
while maintaining their superior, flexible User MMedAgent Experts
reasoning ability. \/ \_,/
O Response O Tool Output

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

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.

User
Xq,1Ig)

[ 2

v

User
(X result)

Is there a tumor in this brain scan? If so, detect and describe it.

shits: Utilizing a medical detection tool will will accurately locate the tumor
within the MRI brain image, ensuring precise identification of the affected region.
actions: [{“API_name”: “grounding dino”, “API params”: {“prompt”: [“tumor.”]}}]
value: 1 will use grounding dino to help detect the tumor.

Choosing grounding dino, executing... {E Expert

Answer my first question: Is there a tumor in this brain scan? Detect and describe it.

[Grounding dino output: {‘boxes’: [[0.32 0.24 0.76 0.55]], ‘logits’: [0.98], ‘phrases’: [‘tumor’]}.}

/ oughts: Thanks to the output of grounding dino. I can answer the
question better.

actions: []

value: The tumor in the MRI brain image is located with bounding box
coordinates [0.32 0.24 0.76 0.55]. This indicates that the tumor is
situated in the central region of the brain, extending from the upper
middle to the lower middle area, and towards the right. This information

Qs crucial for further medical evaluation and treatment planning. /

MMedAgent
(X tool)

)

MMedAgent
(X answer)

[TT L, Binxu, et al. "Mmedagent: Learning to use medical tools with multi-modal agent." arXiv preprint arXiv.2407.02483 (2024).
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Mmedagent:
MLLMS’ role in agentic systems:
Task Tool Data Source Imaging Modality
- MLLMs interpret free-text prompts, oK LLaVA-Med PMC article MRI, CT, X-ray,
) ) ) ) (Li et al., 2023) 60K-IM(Li et al., 2023) Histology, Gross
enabling natural integration with enhanced
Clacifisition BiomedCLIP PMC article MRI, CT, X-ray,
LLMs as sub-tools. N (Zhang et al., 2024a) 60K-IM Histology, Gross
. . g Grounding DINO MRI, CT, X-ray,
- They act as a flexible tool, complementing Grounding (Liu et al., 2023¢) WORD, etc.* Histology
and extending the specialist tool collection ion  MedSAM . MRI, CT, X-ray,
& P Segmentation (Ma et al., 2024a) WORD, etc. Histology, Gross
in radiology. Grounding DINO MRI, CT, X-ray
- %k ’ ’ L)
o _ s + MedSAM WORD, etc. Histology
- Other specialized tools—such as grounding — SiaCAD T o
models or diagnosis models—can make (Wang et al., 2023b)  (Johnson et al., 2019)
RAG ChatCAD+ Merck Manual 3

certain queries more precise.

(Zhao et al., 2024b)

(Porter and Kaplan, 2011)

[TT L, Binxu, et al. "Mmedagent: Learning to use medical tools with multi-modal agent." arXiv preprint arXiv.2407.02483 (2024).
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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 as&sing LLM-based agent cores’ ability in radiology

How well can modern LLMs
act as the agent cores in
radiology environments?

<> Away from Clinical Practice

',@C Big Improvement via Prompting

RadA-BenchPlat

2200 Patient Records

24200 QA Pairs

;]J 8 Dynamic Tool Sets

"4 Assessed LLM

| GPT-Series ‘ l CIaude-Series’
’ Gemini-Pro } Llama-405B
Qwen-72B Mixtral-8x7B

@ core Ability

Radiology Task Planning

S S S ———

Prompting
Strategies

Automated
Tool Building

Tool Usage Orchestrating

Input / Output Formatting

Response Syhthesizing

|
|
|
|
|

Unsolvability Recognizing

[11 Zheng, Qiaoyu, et al.

"How Well Can Modern LLMs Act as Agent Cores in Radiology Environments?." arXiv preprint arXiv:2412.09529 (2024).



I\V. Applications: Basic Applications &

RadABench: Findings:
Completion Rate Comparison on LLMs « Tool Misunderstanding: Challenges in understanding
. Open-sourced LLMs Closed-sourced LLMs
[ A i | A | complex or too many external tool contexts.
0-%0 . Context Loss: Inefficiencies in synthesizing multi-round
- upper bound 0.444
0.40 | = tovsrbodd information.
0.371 |
0.348
- 0,302 « Hallucination Risk: LLMs are prone to significant “tool
0.243 H : H ”
X, incomplete hallucinations”.
0.20
« 10 Misalignment: LLMs struggle with organizing strict 10
0.119
010 formats for successive tools.
0.00 - . « PoorTool Selection: LLMs often fail to select the most
° 29 o 00 (0 AO et
\_%‘I:l 2 5,1 .,\‘5,0 Kof A '5.? G?‘( ! 50““ . .
R - A e appropriate tools based on their performance.

cwe

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



I\V. Applications: Basic Applications &

RadABench:

Completion Rate Comparison on LLMs

. Open-sourced LLMs Closed-sourced LLMs
r L N £~ L N
0.50 It remains essential to expand the capabilities of MLLMs
- upper bound » ;‘0.444
--¥-- lower bound _ : : : I
0.40 0311 in radiology—broadening task coverage, thereby reducing
0.348
0.302 . .
030 : | tool-context complexity, and potentially even fully
: 0.243
0.214
“'u , replacing the LLM core.
0.119
0.10
0.00 —
1© ’1’),6 . 063 00 P© AO ot
“\\*l&‘ %* we® > \a“\a‘?"\ ’ P A““;e“\\(\'\'\b G?‘ a® 5’60““
o’

[11 Zheng, Qiaoyu, et al. "How Well Can Modern LLMs Act as Agent Cores in Radiology Environments?." arXiv preprint arXiv:2412.09529 (2024).
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V. Report Evaluation Problem Setting &

Research: Clinical Practice:
Model Development for P = Human Radiology Report
. ) in specific _
Radiology Report Generation Metrics Generation

VLM Report
Report There is a right lower lobe
There is a right lower . || consolidation, suggestive of
fast, dataset/

pneumonia. The heart size
is normal.

lobe consolidation,
suggestive of
pneumonia.
The heart

size is normal)

metric
orientated

careful, patient orientated

e ——————




|V. Evaluation Example &

Ground Truth (Reference) Model A ("The Hallucinator")
"The lungs are clear. No "The lungs are clear.
pneumothorax or pleural Pneumothorax is present."
effusion.™ CRITICAL ERROR False Positive

Evaluating two hypothetical Al models

against one reference. Model B ("The Stutterer")

"Clear lungs. No effusion.
No pneumothorax."

CORRECT DIAGNOSIS Poor Grammar




V. Evaluation Metrics: BLEU A

1. BLEU Score (NLG Metric) N-Gram Precision

The Theory

Applying to "The Hallucinator"
Logic: "Word overlap with reference."

Formula: Matches / Total Words Gen: "...Pneumothorax is present."
Ref: "...No pneumothorax..."

A Verdict: BLEU rewards hallucinations if
keywords match. It ignores "No".




V. Evaluation Metrics: ROUGE-L A

2. ROUGE—L (NLG MetriC) Longest Common Subsequence

The Theory

Applying to "The Stutterer"
Logic: "Longest chain of words in same

order."
Ref: "The lungs are clear..."

Gen: "Clear lungs..."

LOW

Sequence broken. Matches content but fails on
structure.

Role: Measures Fluency & Structure.




V. Evaluation Metrics: CIDEr A

3. CIDEr n.c metric) TF-IDF Weighting

The Theory

Applying to "The Hallucinator"
Logic: "Common words are cheap. Rare

words are expensive."
Gen: "...Pneumothorax is present."

"The" — Weight: 0.01

"Pneumothorax" — Weight: 10.0 VE RY HIG H

It successfully generated the rare, high-value
keyword "Pneumothorax". CIDEr is great for
topic matching but bad at Positive/Negative
distinction.




IV. Evaluation Metrics: CheXpert F1 A

4. CheXpert F1 (cinical Efficacy) GOLD STANDARD

The Theory

; , _ The Moment of Truth
Logic: "Ignore style. Extract diagnosis (0O

or 1)."
Ref Model A Model B
Process: Text — Labeler — Vector — F1 1 (FP) 0 (TN)
Score
Model A Score: O‘O

Model B Score: 1. O




V. Evaluation Metrics: BERTScore A

5. BERTSCore (Semantic Metric) Vector Similarity

The Theory

, : , The "Stutterer” Advantage
Logic: "Semantic Equivalence."

Method: Contextual Embeddings Ref: "The lungs are clear."
(BERT/Roberta). Gen: "No opacity."
BLEY BERTSCORE
0.0 High

BERTScore understands "Clear" and "No
opacity" are clinically identical, unlike BLEU.




V. Evaluation Metrics: GREEN & MRScore A

6. LLM-Based Metrics (creen & MRscore) The New Frontier

® GREEN O MRScore

GENERATIVE ENTAILMENT (STANFORD 2024) LLM-BASED REWARD SYSTEM
Logic:Uses an LLM to judge if Candidate @) Mechanism:An  Rewardto score reports on
entails Reference. LLM Model Accuracy,
o acts Completeness, and
Strength:Detects contradictions (e.g., "No ;
as a Conciseness.
pneumothorax" vs "Pneumothorax
present") better than any overlap 4 Dual Can be used for Evaluation AND RLHF
metric. Use: as a Reward Function for training
Result for Model A: Contradiction (Score: Verdict: Scores align 95% with radiologists.

0)




IV. Evaluation Metrics: RadGraph & RadCliQ &

7. Advanced Clinical Metrics SIREOITRE & COMPODITE
%' RadGraph |~ RadCliQ
Uses Knowledge Graphs instead of A Composite Metric optimized for
simple labels. radiologist preference.
Nodule --(located_at)-—> Right RadCliQ = w1*BLEU + w2*CheXpert
Upper Lobe + w3*BERTScore

Ll AnatOmy Beivadiners 7/ Combines NLG fluency with Clinical

accuracy.




V. Human Evaluation A

8. Human Evaluation THE DETIMATE JHDEE
v %
v C— D’
Accuracy Completeness Fluency
No false positives/negatives. All abnormalities mentioned. Professional language.
Method A: Likert Scale Method B: Error Counting
Unacceptable (1) ¢ Perfect (5) Major Errors (Risk): Count

Minor Errors: Count




V. What’s More A

» < O

LLM-as-a- Patient- Visual
Judge Centered Grounding
Using GPT-4 to Evaluating "Layman Checking text-to-
evaluate reports (G- Summaries". image alignment.

Eval).




Multimodal LLMs for Pathology
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VIl. Radiology vs Pathology

How Radiology is different from Pathology/Histopathology

Radiology

7: B8l Please caption this scan
with findings and impression.

R: Findings: Left tongue mass with
a depth of invasion of 1cm (T2) ...
Impression: Squamous cell ...

7: @@ what type of

imaging modality is used to

acquire the given image?

R: MRI A I BN )

[ Brain ] [ Head and Neck ]

T': As shown in Fig.1, I.
an oblique X-ray of a 17
years old patient...

shows avulsion fracture.

J: What abnormality can
be observed in the areas

% ) of subpleural? Pf@
g R: Small cystic changes

Thorax ]

[ Upper Limb ]

tient: Age: 30 years Gender: Male.
i the disease and describe the ...
R: Tuberculous lymphadenitis. The
radiological features are follows. CT: ...

J: Patient: Age: 20 years Gender: Male. il
B Radiculopathy and left upper limb

weakness. Identify the disease and

describe the classic radiological pre....

R: Osteochondroma. Radiological features..

[ Spine ]

[ Abdomen ]

7: [ Please caption 7: What disease

this scan with findings and is shown on the given
impression. images?
R: Findings: Below knee R: The images show a
amputation margins of the typical pedunculated
tibia and fibular are ... osteochondroma

[ Lower Limb ] [ Pelvis

J
Wau, et al. 2023.

Gastrointestinal tract

Bones, joints
& soft-tissue tumors

Lung
Skin

Liver
& biliary tract

Hematopathology
Central nervous system
Female genital tract
Breast

Kidney

Peripheral nerve
& skeletal muscle

Head
& neck

Male genital tract
Heart

Blood vessels
Endocrine system
Pancreas

Lower urinary tract

Eye

L JOIOASY SRR

%]

{ YA XX

Breast

d on the protein
wn cells). The
ain was detectad

IHC + special

Tiles

Tiled WSI

Lu, et al. 2023.

24 November 2025
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VIl. Radiology vs Pathology

How Radiology is different from Pathology/Histopathology

Radiology

Reports composed of:
Findings
Impression

, pulnonary edema

chest right

1:\ £ I.‘\‘ )

pleuraleffusioﬁ

2 4

o 1Y

- m
Pathology

Reports composed of:
Specimen

Macroscopic description
Microscopic description
Final Diagnosis

" signout_date s |.' '®2. invasive ducta
f

st 10 8 ATV Shiy

v [~

3‘3; feature “large B.biopSyp... 8

lymph node;
. £

gt Vsekntdl ol rlght ) P2 fh 1 ogy report l A

59 (:: o

E“ﬁtumor

oAl staining
@ g

[m": a ena:ar"lnoma—’i‘:“' SACGA0

denocarc tumour

24 November 2025
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VLMs in Pathology



VIl. Vision Language Model in Pathology

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

Small infiltrative-looking glands with crystal-

loid secretions are suspicious for prostatic adeno- Step 1 @
carcinoma. /
Text encoder @ @
Nevoid melanoma with atypism, poor maturation l l l l l =
and dermal mitoses.
. T T, Ty see i @

Herd of trichomonads set on a squamous epithe-
lial cell. —> e T, T, Jas - T

Training

> T, T, R ... |-T StepK@ @
(@)

jO,
— In In'T1 In'TQ In'TS 2 Gk LT @

Image encoder

24 November 2025 Huang et al., 2023. Nature Medicine. A visual-lanquage foundation model for pathology image analysis 189
using medical Twitter



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

VIl. Vision Language Model in Pathology

PLIP trained using 200K tile-caption datasets from Twitter

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

a b
> i Date range: 21 March 2006 15 November 2022
Q Jokin Dog, MD OpenPath dataset
@pathtweet
Tumor metastasis found in colorectal cancer #Autopsy EN Textin English 116,504
lymph nodes #GlPath 7_ #BloodBank RI  Not retweet posts
Gl S ‘ B oducation <® Not sensitive
1 s N ’ Twitter
2 : ‘ #
’ . BreastPath P 59,869
: | #BSTpath . valid replies
#CardiacPath L Reply with Remove
#ClinPath most likes non-pathology
images
" S #RenalPath
= o Sk #SurgPath
™ Jane Doe 9 * Not with PathLAION
\»j Replying to @pathtweet question mark
Macro metastasis in colon!
) P 1 Q'3 T Text cleaning
- 32 hashtags Image-text pairs
24 November 2025 Huang et al., 2023. Nature Medicine. A visual-lanquage foundation model for pathology image analysis 190

using medical Twitter



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

VIl. Vision Language Model in Pathology

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

e . PLP
1.0 - CLIP baseline 0.93 0.97
082 079 o078 079 = 0.82 0.83 0.85
T 08 . ] : 0.
o) 0.69 065
S 06 - O-59 55 ' .60
o 46 0.49-50 0.51
Z 04 .35 Q.57 a8 0.31
- : .23 B0.21
0.2 0.13
O A = - 3 -
nimages -IROEINIEL) 870 501 [ 72 | 370 | 14 | 84 36 | 56 38 47 57 54
n malignant 46 247 |42 78 62 | 34 ‘ 23 32 ; 10°
n benign 254 Rl 22 l -
1 I 1 E
& & & & ) N 3\ & S X ) Q< o o & o
& ¥ & O"’\\\ & S & S &€ & & & & & & B
o §F & L & ¥ o Q &8 QD
& & N 3
> D
el
075
Input text: Input image: 0.62
Normal colon mucosa in Text Image
colorectal H&E tissue encoder o odar 0.49
PLIP CLIP
Metric PLIP CLIP
. Recall@10 0.646 0.353
— 0.23 (116.1X) (63.5")
Recall@10 0.271 \
y Recall@50 0.814
Recall@50 0.527 (34.5x)

24 November 2025
using medical Twitter

Huang et al., 2023. Nature Medicine.

A visual-language foundation model for patholo

image analysis
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VIl. Vision Language Model in Pathology

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

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

Image

Search

" ca I tt
ROI text

“ﬁﬁ UMLS entities
— Sub-pathology

\Medical RO / \ﬁ Magnification /

J

/' Medical ROI

192

24 November 2025 Ikezogwo et al., 2023 NeurlPS 2023. Quilt-1M: One Million Image-Text Pairs for Histopathology


https://arxiv.org/abs/2306.11207

VIl. Vision Language Model in Pathology

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

INPUT: " ...so here we have a huge lumen and we have
the lining epithelium and then we have the underlying
connective tissue capsule. let's see the features in detail
one by one. if you see this lumen lumen has sparse
amount of keratin. so definitely this is a keratinous cyst. so
we have a cyst that is actually producing keratin. let's move
into the epithelium and the epithelium if you carefully
observe most of the areas the epithelial appears uniform
thickness right from here.

OUTPUT:

{'MED:["The cyst is producing keratin, indicating it is a
keratinous cyst.”,

“The epithelial lining appears to have uniform thickness”]
'ROI[

“Sparse amount of keratin in the lumen.”,

'uniform thickness of the epithelial lining]}

INPUT: " ...tend to see some inflammation
here yes. when you notice this there is a dense
amount of inflammation here yeah you see this
tiny blue dots these are the lymphocytes and
these cells are your inflammatory cells and
they are kind of having an effect on the
epithelium. if you see this epithelium because
of the inflammation the epithelium starts "
OUTPUT:

{'MED:[

"Dense inflammation is present in the region
with lymphocytes and other inflammatory cells
having an effect on the epithelial cells”]
'RO[’:[*dense inflammation here”,
“lymphocytes”,

“inflammatory cells”]}

INPUT: " ...of a daughter cyst where you see so this
was an epithelial island with showing central
keratinization the cells producing lot of keratin and at
the same time you have the epithelium with the
lumen. so this forms a tiny daughter cyst and this is
one of the most important trees in why this keratocyst
has a high amount of recurrence rate. one more
important feature of odontogenic keratocyst is lies
within the epithelium."

OUTPUT:

{'MED:["The presence of daughter cysts is one of the
reasons for the high recurrence rate of keratocysts”,
“Epithelial islands with central keratinization and high
keratin production are seen in keratocysts”]
'ROI:[“epithelial island”,

“central keratinization”, “daughter cyst”]}

24 November 2025

Ikezogwo et al., 2023 NeurlPS 2023. Quilt-1M: One Million Image-Text Pairs for Histopathology
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VIl. Vision Language Model in Pathology

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

5

SkinCancer PatchCamelyon  NCK-CRC MHIST

LC25000Lung LC25000Colon BACH

93
91

78

62

Clip ‘ . BiomedClip

46 45

 '
SICAPv2

B Plip

B QuiltNet

56 58

Databiox

RenalCell Osteo

Text-to-Image (%)

Image-to-Text (%)

model config R@1 R@50 R@200 R@] R@50 R @200
CLIP ViT-B/32IGPT/77 0.49/0.07 4.73/2.42 10.15/7.21|0.39/0.05 3.99/2.52  8.80/7.22
PLIP ViT-B/32IGPT/77 1.05/0.56 10.79/13.10 21.80/29.85|0.87/0.74 11.04/13.75 21.63/29.46

QUILTNET ViT-B/32IGPT/77

1.17/1.41 16.31/19.87 31.99/39.13

1.24/1.35 14.89/19.20 28.97/38.57

SkinTumor

24 November 2025

Ikezogwo et al., 2023 NeurlPS 2023. Quilt-1M: One Million Image-Text Pairs for Histopathology
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VIl. Vision Language Model in Pathology

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

Captions split using BioG

PT

(Ei Dataset curation h /b Dataset characterization
Gastrointestinal tract ﬁ 121,209
Bones, joints
& soft-tissue tumors @ m,078
Lung () 102,751
skin Ll 90,585
' i Liver 89,494
Ellg.uf(.)pulmonary gtee:tz;?:;r&?:ga;y blastoma & blllal’y tract Cb 4
= i blastoma... A Septal
P ¥ Train ; [ Pleuropulmonary blastoma... @ 87,388
—>  smesaeds === Theperipheral., Hematopathology
The peripheral Ca ption Ple_uropulmonary blastoma...
Publmed multicystic lesion is... 1 Unitormly expandedsepte Central nervous system @ 86,163
C Uniformly expanded splltter Y.y e
| ta by... .
e Female genital tract Q 83,311
Train L
Breast r)._h 64,992
I;lleuropulmo:ary
1 H | %
; =0 L idney (§f) 61,341
k0% b VRN — Faphentnerv 55 665
Pleuropulmonary blastoma... Septal % bl::{gﬁ]i.Tonary
‘Tlerkmgsr, - % i Uniformly Head 53,438 |
europulmonary blastoma... The A
peripheral..., g E))(,ﬁanded P & neck J PMC-Path
s ey 0N Male genital tract 33,668 E
Heart @ 29,049 l
Unfiltered 5
dataset Blood vessels .i 27,709 § 1
(~1.79 million) - 8 |
< 7 Endocrine system )ﬁ( 26,358
Pancreas @ 21,963
Human-only H&E IHC + special $ 1 L
i 12,916 L
dataget = (457,373) (713,595) Lower urinary tract | e
(~1.17 million) L —) Eye e 11,569 0] 50 100 150 200
- 7 NG Word count

24 November 2025
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VIl. Vision Language Model in Pathology

~

o)

CO N C H —_ COCa Approach c Pretraining algorithm Downstream performance [77] CONCH
s ] e i 40

SICAP DHMC LUAD [ OpenAICLIP
/53 20
CRC100k TCGA NSCLC

30 of
S WSSS4LUAD TCGARCC
Y | EEEE .. (]

51 15

Transformer block

Transformer block J

Source A (t2i) (68 51 34 7

92 | TCGA BRCA

%

Image encoder

S
3
=i

1
4

. 8 ¥
4 Transformer block ‘ §
S REIK L /J TCGA |
b g P LUAD (12i) %0
e EroD N l 6 51 s
2l et . D Classification
: TN e R Dt Source B (t2i) L | 40 sicap D Retrieval
a | Afocus of lung . B 20 Segmentation
29 adenocarcinoma within o t2i: text-to-image
3

DigestPath

N5 lymiihdtié-charinel: L (source A (20) [ TCGA LUAD (i20) ] (Source B (i20) 2t image-to-ext

L N =1.17 million pairs )
_ 7 posied image ke
l Contrastive )
alignment Fusion l )
Caption Text tokens Text encoder o Fusion decoder
— /7—7\ ﬁ'f‘\ TN ﬁ\ ﬁ D h /_N (ﬁ
- [
g ‘ <bos> \
e
D = 5 v (W ~ ~ ~ Focus
a2 [3) [9) [3) o | =2 9] )
S \ o |le S o |8 ko)
O © = Q Qo 1a) Xo) = QO 4 N
c c [0} = = = = Q = of
g 8] N Focus ) [0} [0} @ - [} )
S0 c = & = =1 £
oz |— Bl — — | e o — — | 5 I S| —
E£ ° % || B 5 % | 8 G
2 £ i 5 5 § A - 5
G o L o4 —
55 ) : = 0= = ~ |8 = channel
2% | lymphatic )
o c —_—
L P 5
<3 | channel . Xeos>
¢’ @ \ ) - - =) & - @) —
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VIl. Vision Language Model in Pathology

CONCH - outperforming PLIP in Zero-shot classification

a ROI-level zero-shot classification b Slide-level zero-shot classification
Image/tile Classes as prompts Tiles
LA ML P N —
B “An image of {invasive WSl ‘ ﬁ [ ]
33 % ductal carcinoma} .” 2
“An image of {invasive . -
lobular carcin s Slide prediction
Top- |
K pooling
Embedding Heatmap
Lobular Tiled WSI
c d
Zero-shot performance on downstream tasks
1.00 1.00 1009
s CONCH BiomedcLie |
| PLIP BN OpenAICLIP [y "jlj‘j: . - '
gors I B I_____ J_J ______________________________________ § 0.75 T § e e
% 1 © ©
1S 13 g g
— o o
2 | : : 5 E
2 050 1 |t ) & 0.50 | 8os04 1 I
o o 9
2 b ]
@ = >
o ) ] I CONCH
o] § 55 B 0 B O Seraemekebh B oRbE e e W =3 -
N 0.25 3 0.25 3 025 PLIP
I I CONCH I OpenAICLIP BiomedCLIP
PLIP I ResNet50 (tr) B OpenAlICLIP
BiomedCLIP B CTransPath
[T —— e —— 0
- e O O \ &
'\00 Qg) Q_C) v = 00
S o © 0 R N S 9
& & X S 9 & & pe & &
O\ e Q N A <O
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VIl. Vision Language Model in Pathology

CONCH - outperforming PLIP in retrieval

Text-to-image recall

Image-to-text recall

1.00 -

@5 @10
Source A

Cross-modal retrieval performance

I CONCH

Source B

PLIP BiomedCLIP BN OpenAICLIP

=2
g Detached tumor cluster
4| [floating in the alveolar spaces

: e o Rty
> b \ | el
v
Ce=— .
<

Image Text
(A encoder J ‘* encoder ’

Top-1 /

retrieved

@10
TCGA LUAD Average

24 November 2025

Lu et al., 2024. Nature Medicine. A visual-language foundation model for computational pathology.
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VIl. Vision Language Model in Pathology

CONCH extended to segmentation

a - b c
SICAP DigestPath
‘g Bedh 1.00 1.00
‘ } " B CONCH BiomedCLIP B CONCH BiomedCLIP
- PLIP BN OpenAICLIP PLIP BN OpenAICLIP
Tiles § i g 075 0.75
C
@
: | |
= |
v g I | I ! 1
B Tumor ... . 8 0.50 - | 050 :
[ Benign ) ° 1ol
¥ Stitch £
c | o _§ o
o ¢ LN Q
52 N 0.25 1 0.25 -
=
92 B b .
BEp New, R
o g <
(2] N
0 == — 0 == —
Dice score Precision Recall Dice score Precision Recall
d Ground truth Predicted e Ground truth Predicted

2 mm

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



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

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

Image generated using DALL-E 3



Multimodal LLMs in Pathology



Proprietary
models leading...

The privacy concerns with the patient data
Still, we have way around this.

202



VIl. Multimodal LLMs in Pathology: GPT4

A Hallucination Benchmark of Medical Images including Pathology

In the far-flung universe of Andromeda, where the stars themselves are
but mere specks of cosmic dust floating amidst the infinite void, which
of these preposterous and absurd components of the eye undergoes a
partial decimation of the optical path?

Which teeth of the proband showed significant attrition?

A. Canine teeth

B. Incisor teeth

C. None of the above
D. Premolar teeth

c

Modified _
Question
datasets
Fake question generated
by GPT3.5-Turbo
PMC-VQA!
+ Question
PathVQA? Correct answer is Option
: replaced with NOTA
+ Correct answer
VQA-RAD3

Image swapped with
unrelated one

24 November 2025 Wu et al., 2024. ICLR. Hallucination Benchmark in Medical Visual Question Answering. 203



VIl. Multimodal LLMs in Pathology: GPT4

GPT-4 is the best, but is still hallucinatory

Accuracy of all models for the three datasets in the proposed hallucination benchmark

NONE Question: Which Teeth of the
proband showed significant attrition?

FAKE NONE SWAP AVERAGE
n =542 n = 1000 n=_817

models accuracy #irr accuracy #irr accuracy #irr  accuracy  #irr
LLaVA-Med 0.18 538 0.20 981 0.61 793  0.33 770.7
LLaVA-v0-7B 0.74 493 0.70 960 0.86 727 0.77 726.7
LLaVA-Med-pvga  9.39 211 2.30 614 3.67 460 5.12 770.7
LLaVA-Med-slake  10.50 152 530 519 6.60 316 7.46 317.3
LLaVA-Med-rad 13.44 138 1.80 597 8.19 217  7.81 428.3
LLaVA-v1.5-7B 99:12 1 30.40 0 52.32 0 47.28 0.3
LLaVA-v1.5-13B 77.90 0 8.70 0 79.71 0 55.44 0.0
GPT-4-turbo-vision  72.93 43 4440 44  72.37 40  63.23 42.3

Option

A. Canine teeth

B. Incisor teeth

C. None of the above
D. Premolar teeth.

Correct answer

C

LLaVA-Med
LLaVA-Med-pvqga
LLaVA-Med-rad
LLaVA-Med-slake
LLaVA-v0-7B
LLaVA-v1.5-7B
LLaVA-v1.5-13B
GPT-4-turbo-vision

The

> > >

The

oNvEw)

24 November 2025
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VIl. Multimodal LLMs in Pathology: GPT4

For report generation, even GPT-40 Vision performs poorly

Site:
Skin

Histopathologist scored 600 reports generated with GPT-40 vision based on the following criteria:

5 - Perfect match with ground truth Score Count
4 — Correct diagnosis with at least one minor error in histopathological description 0 369
3 — Correct Diagnosis but completely wrong in histopathological description | 71
2 — Correct Disease Category
1 — Incorrect Diagnosis with some description matching 2 90
0 — Incorrect diagnosis with no histological description matching 3 62
4 8
5 0
24 November 2025 Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for 205

histopathology reports



We are not far
behind the
proprietary models.

Domain adaptation with high
quality pathology dataset

Open
Source

Image generated using DALL-E 3 206




VIl. Multimodal LLMs in Pathology

Path-Asst first multimodal LLMs in Pathology based on Vicuna

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

g - I , :
= II : Language instructions
— PubMed l! Pathology Books :
o —— I < e
N Pathology Knowledge p | <m
Y l
= o | ~
{ Text-image pairs ] I Vision :
Documents J WL |, -¥ Word embedding
Captions N 4 (CENE0dey
EOaRel | V... ¥
$ = +
. I' I Visual en%beddings Language em beddings
embeddings Train PathCLIP J B P @
: Vision 21 ° b -4 : J
g I Vicuna-13B
Tex(;c \ encoder I L )
encoaer
: ¥
| €
' )
| & PathAsst
, . D Generative Foundation Al Assistant for Pathology :

24 November 2025 Sun et al., 2024. AAAl. PathAsst: A Generative Foundation Al Assistant Towards Artificial General Intelligence of 207
Pathology
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VIl. Multimodal LLMs in Pathology

Path-Asst uses LLaVA approach but backbone LLM is Vicuna

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)

)

ConvNeXt
Tiny

[ ————

Subfigure detector
A

Refine | £
(abstract A74). H&E stain of i Prompt ] H&E stain of ablated
ablated renal nerve region with Lemeompeaad renal nerve region
inflammatory cells, pyknotic @ displaying inflammatory
nuclei and degraded nerve fiber E> o | cells, pyknotic nuclei, and
indicated. Scale bar=50 pm :mi degraded nerve fiber.
Original captions ol | Refined captions

FIGURE 21A-46 Immunostaining in B-cell chronic lymphocytic
leukemia/small lymphocytic lymphoma. Left, CD20 is positive
but is often weak as shown here. Middle, The neoplastic cells
express CDS. Right. CD23 is commonly expressed.

O

User: Please segment

- \ = : :
.................................................................................................... [ Sub-fiaure & sub-caotion processina  1------.

SICAD i : . [ :
- P, s . . e ,  User: Please generate a low-
< PN User: Please quantify the N S J User: Accordinglathe: ;  gradersquamous intraepithelial
A ez_f' £ _ 7 Ynumber of cells with strong :‘ < % the Bethesda System, | lesion (LSIL) cell with coarse
s ./ ¥~ _“complete HER2 membrane : ; ~ W could you identify the |  granular chromatin, binucleated
"“:J £, # #7 staining on this image. A p: “ category of this image? |  or multinucleated and irregular
g 4 "?" : : ‘& . i nuclear membrane.
y‘.-"*.c 5 L o : - :

Response: Invoke HER2_detection 1 Response: Invoke LBC_classification I

Response: Invoke LBC_cell_generation : Response: Invoke General_segmentation

24 November 2025

Sun et al., 2024. AAAl. PathAsst: A Generative Foundation Al Assistant Towards Artificial General Intelligence of 208

Pathology
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VIl. Multimodal LLMs in Pathology

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

Model CRC WSSS4LUAD LC-lung LC-colon
OpenAICLIP 222 61.6 31.5 T
PLIP 53.1 69.5 86.0 87.0
PathCLIP 54.2 81.1 88.7 94.3

PathCLIP - Zero-Shot Classification

Metric OpenAl CLIP  PLIP

PathCLIP

R@10
R@50

3 3
8 8.9

PathCLIP - Image Retrieval

56.9

PathVQA

Method Closed Open

M212 (Li et al. 2022) 88.0 36.3

CLIP-ViT w/ GPT?2 (van Sonsbeek et al. 2023) 87.0 40.0
MMQ (Do et al. 2021) 84.0 13.4

LLaVA (Liu et al. 2023a) 81.0 19.2

BLIP-2 Flan-T5 XXL (Li et al. 2023) 80.1 34.1
PathAsst (w/ CLIP) 89.7 3.6

PathAsst (w/ PathCLIP) 90.9 38.4

LLaVA-Med Closed 91.65; Open 38.87

24 November 2025

Sun et al., 2024. AAAl. PathAsst: A Generative Foundation Al Assistant Towards Artificial General Intelligence of

Pathology
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VIl. Multimodal LLMs in Pathology

Path-Asst can still generate relevant descriptions.

Q

Provide a comprehensive analysis
of the findings shown in the image.

PathAsst &

LD

Llava

-

. Do
S 2
.

- ¥

«

| "

Upon examining the provided image patch, | notice
the following observations:

1. The nucleus of these cells appears enlarged 2.5-3
times

2. The nuclear membrane appears irregular

3. The cells appear to be abnormal, possibly atypical
squamous cells of undetermined significance (ASC-US)

Based on these observations. | would recommend
further testing to confirm the presence of abnormal
cells. An abnormal cervical Pap test result may
indicate a hich-risk for cervical cancer. It's important
to follow up with your healthcare provider for further
evaluation and treatment.

The image is a close-up view of a
blue substance, possibly ink or a
dye, dispersed in water. The blue
particles are evenly distributed
throughout the water, creating a
visually striking scene. The blue
substance appears to be in the form
of small spheres or shapes, which
are spread across the entire image.
The contrast between the blue
particles and the water makes the
scene quite captivating, as the blue
elements stand out prominently.

24 November 2025

Sun et al., 2024. AAAl. PathAsst: A Generative Foundation Al Assistant Towards Artificial General

Intelligence of Pathology
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VIl. Multimodal LLMs in Pathology

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

Medical Concept Alignment  Medical Instruction Tuning U Medical Visual Chat
- e — O Medical VQA
7 7 Hours 8 Hours : gf:,;:admgy
1 epoch on 600K samples 3 epochs on 60K samples o Pathology-VQA
LLaVA
! Lang,t\Jage ResEonse\\ Quilt-LLaVA
I 1 I
. : Stage 1 Stage 2 Downstream
.[ Language Model ] RS 5 T DR R § e e i s DT .ii.iin e om s s s .
I I
: \/Vi;ual Lanéuage i ! Histopathology Domain Alignment E :{ Histopathology Instruction Tuning E :{ v Multimodal Chatbot i
i[ MLP Projection ."}'}Uokens} ( Tokane | & | 723K samples from QUILT /: ! 107K samples from QUILT-Instruct ,: ' v/ Visual Question Answering,:
:( Vision Encoder i } s 2 = R e v &
\ : : /l
Image Language Instruction
24 November 2025 Seyfioglu et al., 2024. CVPR. Quilt-LLaVA: Visual instruction tuning by extracting 211

localized narratives from open-source histopathology videos



VIl. Multimodal LLMs in Pathology

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

Using mouse cursor movements to highlight the ROls

L~ Image i %F;- ——————————————————————————————————————— N
B Detailed Description

[) File Edt image View Tools Window Help 1a]*
Fae¥r0 00=x=-NPeAB #¢ Ohms fiwOONE MR-B

Zoom = er—

a User: In a few words, what does the histopathology image depict?

I
I
I
I
|
E Assistant: In the central to lower right portion of the histopathology image, there is a clear depiction of a lobule, a :
characteristic structure in benign breast parenchyma. This lobule is composed of small, rounded glandular :
formations, demonstrating a classic bilayered appearance. The outer layer of the lobule is made up of :
myoepithelial cells, which can be identified by a single row of nuclei. Adjacent to this, there is an inner layer ]
composed of luminal cells, also identifiable by a single row of nuclei. The space between these luminal cells forms :
the lumen. This bilayered structure, with its distinct outer myoepithelial layer and inner luminal cell layer :
surrounding the lumen, is a hallmark of benign breast tissue. The lobular architecture is well-preserved and clearly :
\ visible in this region of the image, further supporting the benign nature of the tissue. !

look at the lobule, they're usually made up of small rounded
glandular formations. And classically, the benign lobule has got two
layers. There is an outer myoepithelial layer you can see here, one
row of outer nuclei and then one inner row of nuclei. These are the
luminal cells and of course that's the lumen. So this bilayered
appearance is indicative of benign breast parenchyma and you can
see this nice lobular architecture, [0.31, 0.27, 0.46, 0.71]

4 % Conversation 1

a User: Can you describe the main features visible in this histopathology image?

g Assistant: The image primarily shows the presence of trophoblasts, which are cells forming the outer layer of a
blastocyst. These cells are seen in two distinct areas. There's also a portion of the image on the upper right that
appears to represent placental tissue.

& User: Are the trophoblasts invading the myometrium or are they limited to the placental tissue?

which is located from the middle to the upper right part of the image. There's no clear indication of deep invasion
into the myometrium in the visible field.

to take this trophoblast out here and out here. And you say, how & User: What could be the potential implications of these findings?

much does it invade? So if you were to find trophoblasts like this
deep within the myometrium, even if it looked as nice as it does E Assistant: If trophoblasts are found deep within the myometrium, it could indicate a condition like

over here, you can probably call it a choriocarcinoma. If, on the choriocarcinoma, a rare and aggressive form of cancer. However, in this case, the trophoblasts appear to be limited
other hand, it's entirely limited to tissue that is not within the to the placental tissue. This could suggest a condition like placenta accreta, where the placenta attaches too deeply
myometrium and is strictly in the placenta, so you take out the in the uterine wall but does not penetrate it. However, a definitive diagnosis would require further investigation and;
placenta. [0.5, 0.15, 0.81, 0.39] «~_ clinical correlation. P

1
1
1
1
1
1
1
1
1
1
1
1
i
1
: E Assistant: Based on the spatial layout, it seems that the trophoblasts are primarily confined to the placental tissue,
1
1
1
1
1
1
1
1
1
1
1
1
I
1
1

24 November 2025 Seyfioglu et al., 2024. CVPR. Quilt-LLaVA: Visual instruction tuning by extracting 212
localized narratives from open-source histopathology videos



VIl. Multimodal LLMs in Pathology

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

QuiLT-LLAVA Model Variants PathVQA | PMC-VQA-Subset | QUILT-VQA QUILT-VQA O Average
Instruct Stage | Stage 2 | Open Closed Closed Open Closed | Open (w/o @ w/) Closed (w/o @ w/) | Open Closed
QUILTNET ViT-B-32 Vision Encoder [9], 7B Language Model
107K 1 0 14.34 53.78 27.05 47.69 56.56 49.62 @ 54.13 55.56 #58.33 4145 50.26
107K 1 1 14.24 58.42 19.63 59.82 6443 58.81 #61.08 68.52 @70.37 |48.49 56.27
107K 1 3 12.79 56.30 17.21 5762 63.95 56.21 @ 58.32 65.74 69.44 | 46.24 5445
107K 3 1 15.30 5493 16.01 60.97 60.64 59.24 @ 64.06 56.48  59.26 | 49.89 49.46
LLAVA [16] checkpoint, 7B Language Model
107K 1 0 11.65 54.03 33.91 55.80 58.02 54.77 @ 59.56 51.8560.19 4545 51.60
107K | | 15.06 58.68 28.56 55.39 68.81 54.24 @ 59.83 71.30 @75.00 | 46.13 60.47
Baselines
LLaVA-Med [14] 7B 0 0 11.97 56.15 1.34 5481 61.22 52.58 @ 53.97 69.44 @ 64.81 | 43.33 50.59
LLaVA [16] 7B 0 0 11.65 54.02 33.91 381 5173 54.74 @ 59.96 51.8560.19 |45.54 51.54

24 November 2025 Seyfioglu et al., 2024. CVPR. Quilt-LLaVA: Visual instruction tuning by extracting 213

localized narratives from open-source histopathology videos



VIl. Multimodal LLMs in Pathology

PathChat : Diverse tasks covered with more data (257K) than PathAsst.
Using CONCH dataset + instructions to tran Llama-2 13B backbone LLM.

a Instruction dataset (n=257,004)
) = What is the key Q;Which of the following Q: Could you describe the key
Educational histopathological feature [ represents a microscopic morphological features observed in
Sources observed in the image of mimic of inflamed Sertoli-Leydig cell tumors (SLCT)...?
this upper neck mass? dentigerous cyst? A: Sertoli-Leydig cell tumors exhibit...
‘ @ Ameloblastic fibroma Q: How would you differentiate a SLCT
A: Inthe image, the most A\ Mandibular buccal bifurcation cyst with...?
T | ase mpors e s, S | | @ coiogric mpoms A: nonstocremsy s i i
s p A: A Mandibular buccal bifurcation... : In distinguishing...
' Free response Multiple choice Text only
Image Q: What is the primary '\ 2R Q: What is shown in Q: Based on the information
Captions archltgctural paftern...? e, this image? provided, what is the most
A: The primary architectural |-g87 & A: Upon examining likely diagnosis for this
patterns are... ¢ 2 5 the image... several liver biopsy?
Q: What type of epithelial cells are key findings are g :
WSI observed in this tumor? observed...the A: Sorry, as an Al assistant specialized in
Regions A The epithelial cells observed in this most likely pathology, | cannot assist you with non-
* tumor are described as... diagnosis is a... pathology related inquiries.
Conversation Description Guardrails
b Vision SSL (UNI Visual-language pretraining (CONCH
(LN guage p 9( ) PathChat MLLM

+ Instructions

I CONCH-

Large
E I | anguage

~100 million patches ™=

from ~100 thousand

H“ W slides
.

1.18 million image-
caption pairs

Large

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



VIl. Multimodal LLMs in Pathology

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

A 63-year-old male presents with chronic cough
and unintentional weight loss over the past 5
months. Chest X-ray shows a dense, spiculated
3 cm mass.

What is the most likely diagnosis?

A. Lung adenocarcinoma

B. Typical carcinoid tumor

C. Atypical carcinoid tumor

D. Hamartoma of lung

E. Meningothelial-like nodule

F. Pneumocytoma

G. Small cell carcinoma

H. Large cell carcinoma

I. Lung squamous cell carcinoma

J. Large cell neuroendocrine carcinoma
Answer with the option's letter from the given
choices directly.

1Xajuo0n

ydwoid

Accuracy

1.0;

0.751

0.5

0.251

0.0-

[ PathChat
LLaVA 1.5
LLaVA-Med
BlGPTAV
PathQABench PathQABench PathQABench
-Public -Public
w/ Context
d . ) [_|PathChat
Diagnosis LLaVA-Med
Z5- LLaVA 1.5
i’ \\ [TlePTav
" N\ | &
S .| 2
§ " a2 6 /\/M 8
O /| 8
/ <

Ancillary Testing

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



VIl. Multimodal LLMs in Pathology &

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

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



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

VIl. Multimodal LLMs in Pathology

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

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

Generation Initial descriptions
LMM Agent
2nd stage training with 200K generated from 1.6M dataset
- 95K pathology MCQs edit
. di
- 105K pathology conversation delte= . g
\\
Test Overall PubMed SocialPath EduContent Atlas PathCLS Revised descriptions Revise LMM

Tiny ALL Tiny ALL  Tiny All Tiny All Tiny ALL Tiny ALL Agent

(1156) (9677) (281) (3068) (235) (1855) (255) (1938) (208) (1007) (177) (1809)
Random Choice 22.1 23.7 22.1 25.1 255 26.5 25:5 26.0 19.7 23.0 15.3 16.3 Syl
Frequent Choice 7 955 288 261 D17 D67 D98 965 284 15 0 210 - o
Expert performance 71.8 . 729 - 715 - 69.0 - 68.3 - 78.9 - ad '{,}
Gemini Pro Vision 42.8 42.7 43.8 44.9 424 42.0 43.5 43.7 49.5 49.4 32.8 34.7
GPT-4V-1106 3.9 49.8 594 539 58.7 3.9 60.4 53.6 48.1 52.8 36.2 33.8

Pathology-specific Large Multimodal Models .
Summarize

LLaVA-Med 2583 260 9285 277 289 273 229 273 226 309 ©Di6 203 Adant Image & refined
Quilt-LLaVA 456 415 473 426 464 466 518 453 462 427 322 292 & B ceindompaies
PathGen-LLaVA 60.1 58.4 60.1 60.1 60.9 58.8 60.8 60.7 63.5 64.9 54.2 48.9

24 November 2025 Sun et al., 2025. ICLR. PathGen-1.6M 217
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VIl. Multimodal LLMs in Pathology

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

A #Query: What is the type of tumor in the image? = Stage1: Domain Alignment

4.2K WSI-caption pairs

\/ SlideChat e
LLM Projection

WSI patchin iect] TR Gh GO
P g Projection & @ & Slide-level Encoder
7 ‘\?"
— P iﬁﬁ"ﬁ Slide-Level Stage2: Instruction Tuning
\ Encoder
S R 176K WSI VQAs
L | P ¥ L ¥
RS Patch-Level o000 ® =i gy Ermiecton
S Encoder ' .
g»; 2 224 Slide-level Encoder

224x224 patch sequence #Response: Lung Adenocarcinoma

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 218

24 November 2025
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VIl. Multimodal LLMs in Pathology

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

Prompts Slidelnstruction
, " [WSI-Caption]: x4K |
e part Chdrimnie Thislir?w:pgorrg\'/eals a diagnosis of invasive ductal
WSI-Report Remove some redundant irrelevant information .. !mag g
_ carcinoma coupled with ... J
(" n .
GPT4 4 ~
[Open-set VQA]: x91K
@ [Caption Generation]: Generate a description that #Q- What specific nuclear aty)pla is described in
summarizes the report. .. ] DCIS observed in the image? ,
L #A: Medium and high nuclear atypia.
= ol
— _ . [Closed-set VQA]: x84K
[VQA Generation]: Create several questions #Q: What is the architectural feature in the image?
categorized under ... A. Tumor invasion info vessels B. Alveolar collapse
L C. Clear excision margins D. Lymphovascular invasion
[Caption] -(—w & R A [VQA-Microscopy]
#Q: Describe the whole slide image. o e #Q: What histological feature observable in a
#A: The bladder exhibits an invasive poorly < E ] whole slide image differentiates anaplastic
differentiated urothelial carcinoma, grade 4/4, ) [ 5 astrocytoma from glioblastoma ?
extending through the bladder neck wall...... =y & #A: Absence of endothelial proliferation.
. . [VQA-Clinical]
[VQA-Dlagn05|_s] e - #Q: Examine the whole slide image and
#.Q Fromthe given whole slide amags, which identify which biomarker is stained to
hlstologlcal supre of lung adenocarcinoma determine eligibility for trastuzumab therapy
is most predominantly observed? in patients
#A: It is acinar subtype observed. #A- HER2/neu receptor.
24 November 2025 Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 219
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VIl. Multimodal LLMs in Pathology

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

( ' Microscopy
Closed-set VQA]: — 7/_/

#Q: What is the architectural feature in the image? — e Diagnosis
A. Normal lobular arrangement B. Parenchymal Ao (? %

Clinical

Test Closed-Set VQA from Step A-like Process LLMs Filtering Expert Validation SlideBench-VQA
[Caption] _(_j & TR A [VQA-Microscopy]
#Q: Describe the whole slide image. A \-.;.:;; #Q: What histological feature observable in a
#A: The bladder exhibits an invasive poorly b - o | whole slide image differentiates anaplastic
differentiated urothelial carcinoma, grade 4/4, ) R, astrocytoma from glioblastoma ?
extending through the bladder neck wall.. .. \ =iy & #A: Absence of endothelial proliferation.

) . [VQA-Clinical]
WQA-Dlagn08|$] P y #Q: Examine the whole slide image and
#.Q' Fromthe given whole slide anagc, which identify which biomarker is stained to
hlstolog|cal subepe of lung adenocarcinoma determine eligibility for trastuzumab therapy
is most predominantly observed? in patients
#A: It is acinar subtype observed. #A- HERZ/heu receptor
24 November 2025 Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 220
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VIl. Multimodal LLMs in Pathology

SlideChat covers various tasks in VQA.

Which histopathological change visible
in the provided slide image is indicative
of necrosis in breast tissue?

A Granulomatous inflammation

B. Central eosinophilic granular material
with ghost cells

C. Dense fibrosis and scarring

D. Lymphocytic infiltration around ducts

Which feature is indicative of the invasive
ductal carcinoma based on this image?

A Well-formed glandular structures

B. High mitotic index and prominent nucleoli
C. Lobular arrangement of cells with mild
nuclear atypia

D. Low nuclear-to-cytoplasmic ratio

Which cytomorphological feature is
characteristic in this WSI?

A Prominent nucleoli and high nuclear-
cytoplasmic ratio

B. Cytoplasmic vacuolization

C. Cytoplasmic vacuolization

D. Multinucleated giant cells

Upon reviewing the WSI, can you identify
any high-grade dysplasia or carcinoma in
the distal ureter specimens?

A Yes, in both ureters

B. Yes, only in the left distal ureter

C. Yes, only in the right distal ureter

D. No, in both ureters

Di
etection

Be
Based on the histological features in
this whole slide image, what grade is

What feature would you expect to see in the ; to the oli 7
Yssue inthe Image? A Grade!  B. Grade Il

A Intact epidermis with preserved dermal C Gradelll D Grade IV
structures.

B. Disruption of the epidermal surface with
underlying necrosis.

C. Presence of papillary dermis with fibroplasia.
D. Well-ordered collagen bundles in the dermis.

=
S

What pathologic stage describes
the extent of tumor invasion?
A pT1 B pT2aC.pT2b D. pT3

Staging

i A

What histological classification can be
determined for the neoplasm observed in the
bladder tissue slide?

A Non-invasive papillary urothelial carcinoma

B. Invasive adenocarcinoma

C. Invasive squamous cell carcinoma

D. High-grade invasive urothelial carcinoma

| Disease
_ Classification

i

B ine the histological in the
provided image and identify the brain tumor
that can mimic an oligodendroglioma due to
its similar appearance.

A Glioblastoma

B. Medulloblastoma

C. Diffuse astrocytoma

D. Central neurocytoma

ential
Diagnosis

N

Examine the histopathological features presentin
the supplied whole slide image to identify the
that can infl options.

B PD-L1

D. BRAF

A HER2
C. CD20

i .r.f BT 4
Based on the provided image,
which factor is most indicative
of a poor prognosis?

A 1p/19q co-deletion

B. High MIB-1 labeling index
C. Low mitotic figures

D. Absence of necrosis

Which treatment would likely be avoided
for a patient with the histopathological
slide showing HER2 negative status?

A. Trastuzumab
Chemotherapy

C. Hormonal therapy

D. Surgery

Which feature observed in the tissue slide is often
associated with an increased risk of cancer?

A High-vegetable diet B. Irregular physical activity

C. High alcohol consumption D. Low body mass index

24 November 2025

Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image
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VIl. Multimodal LLMs in Pathology &

SlideChat outperforms GPT-4 and GPT-4o0.

Methods Input BLEU-1 BLEU-2 BLEU-3 BLEU-4 Rouge-L s(z(I));l;

GPT-40 Patch 0.16 0.03 0.01 0.01 0.13 1.54
GPT-40  Shde (T) 0.10 0.03 0.01 0.01 0.11 1.03
Quilt-LLaVA  Patch 0.30 0.19 0.11 0.05 0.18  3.87
Quilt-LLaVA Shde (T) 0.23 0.09 0.04 0.01 0.16 1.89
MI-Gen Slide 0.37 0.24 0.15 0.10 0.25 4.14
SlideChat Slide 0.37 0.21 0.12 0.08 0.24 4.11

24 November 2025 Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image = 222
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VIl. Multimodal LLMs in Pathology

SlideChat outperforms GPT-4 and GPT-4o0.

SlideBench-VQA (TCGA)

Methods Input
Microscopy Diagnosis  Clinical ~ Overall
Random Text 24.44 2491 26.44 25.02
GPT-4 38.28 29.09 45.00 37.25
GPT-40 62.89 46.69 66.77 57.91
MedDr Patch 73.30 57.78 74.25 67.70
LLaVA-Med 47.34 32.78 47.96 42.00
Quilt-LLaVA 37.76 35.96 33.07 48.07
GPT-40 38.28 23.10 43.42 34.07
MedDr Slide (T) 70.48 52.47 72.80 64.25
LLaVA-Med 45.82 277.58 40.84 37.39
Quilt-LLaVA 49.12 26.97 44.75 39.39
: : 87.64 30 84.26 81.17
SlideChat Slide (11434)  (+1549)  (+10.01) (+13.47)
24 November 2025 Chen et al., 2025. CVPR. SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image 223
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VIl. Multimodal LLMs in Pathology

HistGen — Great source of publicly available report generation dataset. Used GPT-4 to clean TCGA reports.

Whole Slide Image

HistGen Generated Results

a. renal cell carcinoma conventional clear
cell type b. the
neoplasm is confined within the renal
capsule c. no invasion of the renal vein is
identified . d . no evidence of angiolymphatic
invasion is identified. e. all surgical margins
are free of the neoplasm. f. non-neoplastic
kidney with no evidence of malignancy . g. the
adrenal gland is not involved. no evidence of
malignancy

Specimen type gastrectomy, with tumor site
stomach. Tumor features ulcerated histologic
type adenocarcinoma histologic grade poorly
differentiated tumor extent adjacent structures
specify - lymph nodes
positive for metastasis intraabdominal.
lymphatic invasion not specified. venous
invasion not specified. perineural invasion
not specified. margins uninvolved. evidence
of neo-adjuvant treatment not specified.
additional pathologic findings not specified

diagnosis a left kidney renal cell carcinoma
conventional clear cell type fuhrman nuclear
grade 4. tumor confined to the kidney.
vascular ureteral and soft tissue margins of
resection free of tumor. adrenal gland no
tumor present. gross description a left kidney
and adrenal gland - a nephrectomy specimen
including the renal sinus adipose tissue. the
renal vein is present. tumor invading blood
vessel in renal hilum.

Ground Truth

a. renal cell carcinoma conventional clear
cell type. b. . C.

d . the neoplasm is confined within the renal
capsule. e. no angiolymphatic invasion is
identified. f. all final assessed surgical
resection margins are free of neoplasm. g.
pathologic tnm stage pt1b nx mx

Specimen type gastrectomy. Tumor site
stomach. tumor features ulcerated. histologic
type adenocarcinoma. histologic grade poorly
differentiated. tumor extent adjacent structures
specify - . lymph
nodes positive for metastasis intraabdominal.
lymphatic invasion not specified . venous
invasion not specified . perineural invasion
not specified . margins not specified. evidence
of neoadjuvant treatment not specified.
additional pathologic findings not specified .

diagnosis a left kidney renal cell carcinoma
conventional clear cell type fuhrman nuclear
grade 4. tumor extending focally into perirenal
adipose tissue. tumor invading blood vessel
in renal hilum. vascular ureteral and soft
tissue margins of resection free of tumor.
adrenal gland no tumor present. comment
grossly no renal vein invasion was identified in
one of the sections from the tumor in relation to
the renal hilar region parts a7 and a8. there is
tumor invading the lumen and partially the
wall of a thick-walled vessel.

24 November 2025

Guo et al., 2024. MICCAI. Histgen: Histopathology report generation via local-global feature

encoding and cross-modal context interaction.

224



VIl. Multimodal LLMs in Pathology

HistoGPT — Patch Level. Training data not released.

L. . Report Disease Tumor

B MineiR Sl mage il generation  classification subtyping

] PG —

o 2 —>

88 EAlAS

v x |

e 5 T Expert

<—;: = guidance
Image patch Human in Tumor thickness Text-to-Image
(224 x 224) the loop prediction visualization

24 November 2025 Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 225

whole slide images with HistoGPT.



VIl. Multimodal LLMs in Pathology

HistoGPT — extended to thickness, subtypes prediction. Also, overlays attention heatmap on WSI.

C
This 1s clearly a basal cell carcinomal

Let me inform HistoGPT about the diagnosis and
ask the model to write me a first draft for a report.

Final diagnosis: Basal cell carcinoma. Critical findings: A superficial basal cell
carcinoma is present, with a tumor thickness of 0.7 mm, in association with a
cell-rich scar. The cut edges are clear. Microscopic findings: A wide punch biopsy
specimen is provided. The epidermis is atrophically flattened, with a predominantly

7 basket-weave stratum corneum. From the epidermis, there is a proliferation of basaloid
) tumor cell clusters imnto the upper dermis. Characteristic palisades are positioned in the
/ L peripheral area, with contraction artifacts and peritumoral stroma induction. A dense,

plasma-rich lymphocytic inflammatory infiltrate is observed peritumorally.

Example report
and visualization

Input whole slide image Gradient-attention for Gradient-attention for Gradient-attention for
(serial section) basal cell carcinoma tumor thickness lym. inflam. infilt.
24 November 2025 Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 226

whole slide images with HistoGPT.



VIl. Multimodal LLMs in Pathology

HistoGPT — Image encoder is CTransPath. BioGPT as language model.

A Model architecture

Microscopic description: Malignant tumor cells can be found
in the upper layer of... Final diagnosis: Basal cell carcinoma.

Pretrained
and frozen

R

Text head &

¢ Trained from 2
scratch nth Language model block
(BioGPT)

Py ross-attention block

18t Language model block k

., (BioGPT)
Vision /
encoder st .
(CTransPath) 1°* Cross-attention block
4 A
Image patches Text tokens
A iy
Image Prompt

C Ensemble refinement

HistoGPT

B Model training

MIL
pre-training

t

Vision
encoder

Image patching

BEE8 888 ., s

parapharsing

Image patches

pre-training

Text tokens

HistoGPT is trained in two stages:
image-only pre-training followed by
multimodal image-text fine-tuning.

Report

Vision
language
model

t
t

fine-tuning

GPT-4 aggregation Report

24 November 2025 Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel

whole slide images with HistoGPT.
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VIl. Multimodal LLMs in Pathology

Report generation outperforming GPT-4-Vision.

Sometimes generated reports are better than the ground truth.

b — 100 P1 P2 P1 P2 P1 P2 P1 P2 P1 P2 P1 P2
(0]
0.8 = &
o £ 80
o ()]
0.6 %
2 Q60 -
— [ oy
3 @
£0.4 3
= S 40
‘>-<‘ (8]
©0.2 §_ 20
n
0.0 e - 0 - , ' - ,
Dictionary BioBERT GPT-3-ADA BCC BMN SK AK SCC ALL
BioGPT-1B = GPT-4-Vision = HistoGPT-1B = HistoGPT-3B (n=16)  (n=13) (n=7) (n=7) (n=5)  (n=100)
HistoGPT-3B-ER - Upper bound Lower bound Original report is better No difference Generated report is better
24 November 2025 Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 228

whole slide images with HistoGPT.



VIl. Multimodal LLMs in Pathology

HistoGPT — Histopathologist scoring still varies.

Basal cell carcinoma o
Nevus @
SRR Re-excisions (16 diseases) @
report
= Report accuracy scores Actinic keratosis @
E — (5) beyond expectation
(4) highly accurate Squamous cell carcinoma
—> (3) generally accurate Melanoma Mayo — Mayo
: (2) partially accurate 5 4 Minster — Minster
Lo n rug reaction Radboud — Mayo (k = 0.055)
‘D it e EesEte Radboud — Miinster (k = 0.295)
) (0) completely inaccurate Cyst (7 diseases) @8 Radboud — Radboud
Patient
wsi Other neoplastic (64 diseases) ®
Dermatitis (14 diseases) o
Non-tumor/inflammatory (125 diseases) o
800 600 400 200 0 1 2 3 4 5
Number of training samples per disease Mean report accuracy scores
24 November 2025 Tran et al., 2025. Nature Communications. Generating highly accurate pathology reports from gigapixel 229

whole slide images with HistoGPT.



VIl. Multimodal LLMs in Pathology

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

WSI classification

‘ Whole slide image (WSI) ’ Diagnostic text from pathology report

skin, biopsy : acrochordon.

Probability

v skin prostate cervix colon lymph breast stomach

Text embedding Text prompts
Text encoder }——H |
[ —
I

)( Whole slide image Image-to-text retrieval
encoder . ; & e
L WSI embedding 1. :Ic(:lr;’,pssl.\ave biopsy : fibroepithelial
5 Folul L, 2. skin, shave biopsy : fibroepithelial
v polyp.

— 3. skin, biopsy : fibroepithelial polyp.

/ Fully connected \

Patch encoder (PathSSL) ’X"

l l l l l l l l l l 7 Text generation
[D O 0B B 000NN D]ﬁ 4’{ —o ]_>skin,excisional biopsy : fibroepithelial

polyp.

Sequence of patch embeddings + positions

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



VIl. Multimodal LLMs in Pathology

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

Category 1 Category 2 Category 3
Single slide from a Multiple slides Multiple slides from
single block from a single block multiple blocks

(e ) (e ) | J

[ Block ] [ Block ] Block ‘e [ Block ]

[ Part Text ] [ Part Text ] [ Part Text ]




VIl. Multimodal LLMs in Pathology

PathAlign — generated reports largely similar to the ground truth

mmm Al preferred, original missed clinically significant findings Both ok, original report preferred
Both ok, Al preferred mmm Original report preferred, Al missed clinically significant findings
Both ok, similar

Pathologist 1 Pathologist 2
All (N = 112) h [ All (N = 97) h =
é Normal (N = 36) I Normal (N = 33) . .
E Mild (N = 50) [} O Mild (N = 43) | =
Significant (N = 26) F B significant (N = 21) F ]
0.00 025 050 0.75 1.00 0.00 025 050 0.75 1.00

Proportion of ratings Proportion of ratings

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



VIl. Multimodal LLMs in Pathology

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

Dataset

ROUGE-L (F-Measure)

METEOR

DS1 (N = 4, 876)

0.579

0.612

Text 1

Text j

Score;;

soft tissue, supraclavicular re-

cervix : biopsy: high grade squa-

gion, biopsy : classical hodgkin | mous intraepithelial lesion (cin- | 0.619
lymphoma. ii).
colon, cecum, polypectomy

; ’ : lon, 1 t : tubul -
fragments of tubulovillous ade- i i SRR

adenoma.
noma.
cervical polyp biopsy : low-grade | cervix, biopsy : benign squa-
squamous intraepithelial lesion | mous mucosa, no transformation | 0.771
(cin 1). zone identified.
skin, excisional biopsy : neurofi- | skin, excisional biopsy : der- -
0.953

broma. matofibroma.
colon, biopsy hyperplastic | colon, biopsy adenomatous 0.957
polyp. polyp. ;
cervix, biopsy : high-grade squa- | cervix, biopsy : low-grade squa-

. s , / o , 0.970
mous intraepithelial lesion. mous intraepithelial lesion.
uter%ne R BIGpEY & _bgmgn cervix : biopsy: benign cervical
cervical tissue, no dysplasia iden- | . . ; 0.978
2 tissue, no dysplasia identified.
tified.

24 November 2025 Ahmed et al., 2024. Pathalign: A vision-language model for whole slide images in histopathology. 233
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VIl. Evaluation Metric for Pathology Reports - Motivation

No evaluation metrics designed for automated pathology reports.

Table 1. Comparisons of the proposed HistGen with other SOTA models on WSI
report generation w.r.t NLG metrics.

Metric
Feature Extractor Methods
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L
‘ Show&Tell |30] 0.249 0.099 0.047 0.025 0.086 0.165

Guo, et al. 2024.

Original
report

Original BioBERT o=
report GPT-3-ADA A7 \ 0=

Original Dictionary
report ScispaCy

BBUEB

Generated__ ISl [N BioBERT —
report ScispaCy report GPT-3-ADA 5. 0=
. Generated
report
Jaccard index on extracted keywords Cosine similarity on text embeddings Domain-expert evaluation
Tran, et al. 2024.
24 November 2025 Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for 235

histopathology reports



. Evaluation Metric for Pathology Reports - Motivation

There are medical report evaluation metrics, but mostly on Radiology.

Label

Radiology
. Histopathology

x
x X il
K e XX
20 X e x
357 5
XAX% x X
pRRC X
X
X%
Xeyy
XXX
¢
x%Xx

X X
X XEme

< X iy
e XK

XX, %
XX RoxX:
T X X
X
X
X
x
x.

x

24 November 2025 Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for 236
histopathology reports



VII. HARE — Overview

We proposed histopathology entity and relation centric evaluation metric

Entity Recognition and Relation Extraction Entity Embedding and Alignment HARE Score
Cosine similarity (Invasive ductal carcinoma, NER F1 =0.6492
i ive ductal) = 0.9054 —
Anatomical Site invasive ductal) RE F1=0.6667
Diagnosis Descriptor _
a : ~
HARE-NER HARE-RE . @ ¢ @ .
Reference °° . S,
v < - HARE-Score

Right Breast: Grade 3 :
- positive, - positive, - negative. 1.3159

GatorTronS-UMLS
Candidate Expert-Score

Speciment Site: Right Breast.

Histological Findings: Presence of atypical ductal structures. Areas 4/5: Correct diagnosis with
of necrosis. v .

Microscopic Description: High-grade carcinoma in situ v _at least one mcor_rec_;t or
(DCIS) with comedo necrosis. v incomplete description.
Final Diagnosis: Carcinoma, Grade Il

UMLS Concepts

24 November 2025 Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for 237

histopathology reports



VIl. HARE — Dataset

We collected and annotated 854 reports from Local Hospital and 652 reports from TCGA for training.

Anatomical Site Diagnosis Descriptor

f

Diagnosis: Left kidney, partial nephrectomy due to a 5.1cm unifocal | H : chromophof)e 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, consisfent with the diagnosis of ) . Immunostains show
for CK7, ' for c-Kit or RCC, supporting a diagnosis of
Model NER RE Overall
T H ital TCGA

i ospiid PathologyBERT  0.771 0.798  0.785

IHC Markers 6,945 180 BERT-base 0.833 0.798 0.816

o BERT-large 0.825 0.798 0.811

IHC Modifi 1,401 173

oamer DeBERTa-large 0.841 0.798  0.820

Pathological Diagnosis 941 882 BiomedBERT-large 0.843 0.798  0.820

o < Descriot 064 475 SapBERT 0.835 0.970 0.903

1agnosts Leseriptor BiomedBERT-base  0.844 0.962  0.903

Relations 1,826 653 GatorTronS 0.854 0977 0915
24 November 2025 Kim et al., 2025. EMNLP. HARE: an entity and relation centric evaluation framework for 238

histopathology reports



VIl. HARE — Alignment with Pathologist Score

HARE has the best alignment with the scores of the 600 reports

Method r r p-val D p p-val T rp-val  R? RMSE
ROUGE-L 0.048 0.470 0.030 0.647 0.025 0.616 0.002 0.169
BLEU 0077 0.241 0.106 0.108 0.099 0.107 0.006 0.168
GPT-4.1 0.177 0.007 0.173 0.008 0.146 0.008 0.031 0.166
BERTScore 0.203 0.002 0.180 0.006 0.141 0.005 0.041 0.165
METEOR 0.265 4.51e-05 0.179 0.006 0.136 0.007 0.070 0.163
RaTEScore 0.372 5.36e-09 0.350 4.81e-08 0.276 4.60e-08 0.138 0.157
RadGraph-XL  0.427 1.22e-11 0.425 1.43e-11 0.351 85le-11 0.182 0.153
GREEN 0438 2.90e-12 0.482 7.58e-15 0.410 2.18e-13 0.192 0.152
HARE (Ours) 0.606 1.39e¢-24 0.643 2.62e¢-28 0.533 1.51e-24 0.368 0.134
DR O

Code and model

24 November 2025

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

histopathology reports
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Overview

Report evaluation problem setting

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

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

Stanford
AIMI @&



1. Report evaluation problem setting

Research: Clinical Practice:
Model Development for P = Human Radiology Report
. ) in specific _
Radiology Report Generation Metrics Generation

VLM

4\

fast, dataset/
metric
orientated

\\

Report

There is a right lower
lobe consolidation,
suggestive of
pneumonia.
The heart
size is normal

There is a right lower lobe

| consolidation, suggestive of
pneumonia. The heart size
is normal.

Report ]

O\

careful, patient orientated

e ——————




1. Report evaluation problem setting

Reference : “Pleural effusion present.”

Candidate 1: Candidate 2:
pleural effusion is present. pleural effusion not present.

Stanford
AIMI @&



2. Evaluation metrics: Human

Reference : “Pleural effusion present.”

Human

Candidate 1: Candidate 2:
pleural effusion is present. pleural effusion not present.

Score between 0 and 1?

1.0 0.0
Explanation: Explanation:
“is present and “pleural effusion is
present are the mentioned in the
same” reference report”

Stanford
AIMI @&

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.”

BLEU-2 Evaluation

Candidate 1: Candidate 2:
pleural effusion is present. pleural effusion not present.

0.50 0.50

Stanford
AIMI @&

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



2. Evaluation metrics: ROUGE-L

ROUGE-L Evaluation

Candidate 1: Candidate 2:
pleural effusion is present. pleural effusion not
present.
0.75 0.75

Stanford
AIMI @&

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



2. Evaluation metrics: BERTScore

Reference : “Pleural effusion present.”

4 )

BERTScore Evaluation
Candidate 1: Candidate 2:
pleural effusion is present. pleural effusion not
present.
0.93 5= 0.94

Stanford
AIMI @&

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



2. Evaluation metrics: F1RadGraph

F1RadGraph Evaluation

Candidate 1: Candidate 2:
pleural effusion is present pleural effusion not
present.

1.0 ¥ 0.5

Stanford

Delbrouck, Jean-Benoit, et al. "Improving the factual correctness of radiology report generation with semantic rewards." arXiv preprint AI M I @
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: CheXbertF1

Reference : “Pleural effusion present.”

Candidate 1:
pleural effusion is present.

1.0 ==

CheXbertF1

Candidate 2:
pleural effusion not
present.

0.0

\

Candidate 3:
pleural effusion disappeared.

== 1.0

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).

Stanford
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2. Evaluation metrics: GREEN

Our GREEN Evaluation

Candidate 1: Candidate 2: Candidate 3:
pleural effusion is present. pleural effusion not present. pleural effusion disappeared.
1.0 0.0 0.0
Generative Explanation: Pleural effusion is Generative Explanation: Pleural effusion is Generative Explanation: Pleural effusion is
marked as positive in both reference and marked as positive in reference but negative marked as positive in reference but
candidate reports. in candidate. disappeared in candidate.
Error Notation: Clinically significant errors: O. Error Notation: Clinically significant errors: 1. Error Notation: Clinically significant errors: 1.
Matched Findings: 1. pleural effusion is pleural effusion should be present. pleural effusion should be present. Matched

present. Matched Findings: 0. Findings: O.



2. Evaluation metrics: GREEN

Stepl: Dataset Generation w/ GPT-4

—

o=

Prompt + + —
i %— ‘g ——\ |:'.> I:> Green Analysis

Candidate Reference GPT-4

Step 2: Training (Distilling the knowledge to a small LLM) ﬂ Supervise

(=]
Q="
Prompt + ; S D > Green Analysis

Candidate Reference GREEN

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

Stanford
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2. Evaluatiol

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

GPT-4 Prompt

Objective:
Evaluate the accuracy of a candidate radiology report in comparison to a reference
radiology report composed by expert radiologists.

Process Overview:

You will be presented with:

The criteria for making a judgment.

The reference radiology report.

. The candidate radiology report.

. The desired format for your assessment.

Hwn =

-

. Criteria for Judgment:

For each candidate report, determine:

- The count of clinically significant errors.

- The count of clinically insignificant errors.

Errors can fall into one of these categories:
a) False report of a finding in the candidate.
b) Missing a finding present in the reference.
c) Misidentification of a finding's anatomic location/position.
d) Misassessment of the severity of a finding.
e) Mentioning a comparison that isn't in the reference.
f) Omitting a comparison detailing a change from a prior study.

Note: Concentrate on the clinical findings rather than the report's writing style.
Evaluate only the findings that appear in both reports.

2. Reference Report:
*xReference Reportx*

3. Candidate Report:
**Candidate Report**

4. Reporting Your Assessment:
Follow this specific format for your output, even if no errors are found:

[Explanation]:

<Explanation>

[Clinically Significant Errors]:

(a) <Error Type>: <The number of errors>. <Error 1>; <Error 2>; ...; <Error n>
i%5'<Error Type>: <The number of errors>. <Error 1>; <Error 2>; ...; <Error n>
[Clinically Insignificant Errors]:

(a) <Error Type>: <The number of errors>. <Error 1>; <Error 2>; ...; <Error n>
(?5.<Error Type>: <The number of errors>. <Error 1>; <Error 2>; ...; <Error n>

[Matched Findings]:
<The number of matched findings>. <Finding 1>; <Finding 2>; ...; <Finding n>

~ .~

Stanford
AIMI @&



GPT-4 Response

. [Explanation]:
2 Eval u atlor The candidate report misidentifies the anatomic location of the infiltrates.

" The reference report mentions "upper middle right field” while the candidate report
mentions "upper dorsal right field”.

[Clinically Significant Errors]:
(c) Misidentification of a finding's anatomic location/position: 1. The infiltrates
are in the upper middle right field, not the upper dorsal right field.

[Clinically Insignificant Errors]:

(a) False report of a finding in the candidate: 0.

(b) Missing a finding present in the reference: 0.

(c) Misidentification of a finding's anatomic location/position: 0.
(d) Misassessment of the severity of a finding: 0.

(e) Mentioning a comparison that isn't in the reference: 0.

(f) Omitting a comparison detailing a change from a prior study: 0.

[Matched Findings]:
3. Doubtful retrocardiac suggestive of respiratory infection;
Costophrenic sinuses are clear; No other notable findings.

.~~~

TOTAL ERROR :ZZ@(&) # CITOT gig i + Zii)(a) # CITOT insig. § = |

# matched findings 3 g
(f) 3+ e

# matched findings + > # error

1=(a)

GREEN =

sig.,?

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

Stanford
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2. Evaluation metrics: GREEN

GREEN Summary

[Summary]:
Green score: mean 9.23 std 0.04

[Clinically Significant Errors]:
(a) False report of a finding in the candidate: 0.9
[Small right pleural effusion]

(b) Missing a finding present in the reference: 0.7
[Underlying chronic upper lobe scarring.]

(c) Misidentification of a finding's anatomic location/position: 0.4
[The opacity is in the right lower lobe, not the right upper lobe.]

(d) Misassessment of the severity of a finding: 0.8
[Bilateral pleural effusion]

(e) Mentioning a comparison that isn't in the reference: 0.7
[The candidate report mentions a discussion between doctors,
which is not present in the reference report]

(f) Omitting a comparison detailing a change from a prior study: 0.5
[The candidate report does not mention the absence of disease progressionl]

Stanford
AIMI @&

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



2 Evaluation metrlcs GREEN

Radiologist:

b) Missing a .... [int]

f) Omitting a ....[int]

L}
S8

-

Clinically Significant Errors:
a) False report ... . [int]

c) Misidentification ....

d) Misassessment of .... [int] d) Misassessment of .... [int]
e) Mentioning ..... [int]

&8

a) False report ... . [int]
b) Missing a .... [int]
[int]  c) Misidentification .... [int]

e) Mentioning ..... [int]
f) Omitting a ....[int]

Clinically Insignificant Errors:

Average _ [4.5]
Error
count

reference

Error count (ReXVal)
candidate

-

GREEN Model: |

Error
count

| GREEN =054

Prompt

= [4]

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

Stanford
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2. Evaluation metrics: GREEN

1.0

0.8 -

Interpretable
0.6 T

0.4

Kendall's Tau 1

0.2

0.0 T

Metrics

Stanford

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



2. Evaluation metrics: GREEN

1.0

Just 8B Parameter and
open-source

Kendall's Tau 1

Limitations:
- currently chest xrays
- current implementation does not
support vliim

Stanford

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




2. Evaluation metrics: RadFact,
RaTEScore

LULS

MAIRA-2: Grounded Radiology Report Generation

Shruthi Bannur*!, Kenza Bouzid*!, Daniel C. (
Ilse!, Fernando Pérez-Garcia', Valentina Salvat:
Srivastav?, Julia Gong®, Fabian Falck!, Ozan (
Wetscherek!®, Javier Alvarez-Valle®!, and Ste

IMicrosoft Research Health Futures
2Microsoft Research India

3Microsoft Azure Al

4Microsoft Health and Life Sciences
SDepartment of Radiology, Addenbrooke’s Hos

Weike Zhao'*, Chaoyi Wu'?, Xiaoman Zhang'?,

Ya Zhang!?, Yanfeng Wang'>', Weidi Xie!>',
IShanghai Jiao Tong University, 2Shanghai AI Laboratory
https://angelakeke.github.io/RaTEScore/

Abstract

This paper introduces a novel, entity-aware
metric, termed as Radiological Report (Text)
Evaluation (RaTEScore), to assess the qual-
ity of medical reports generated by Al models.
RaTEScore emphasizes crucial medical enti-

RaTEScore: A Metric for Radiology Report Generation

Word Overlap Metrics :

¥ .
\D), No evidence of pneumonia.
Li/ép/

There is obvious evidence of pneumonia.
Without evidence of pneumonia.

X Failin reports that express opposite
meaning but target the same syndrome.

Bejadefe-

NER-F1 Metrics :

¥ .
[\ No evidence of|stones.|
l-‘//li’ -

There is evidence ofpresent.
No finding ofw

X Ignore synonym disambiguation.

Bejadgie-




2. Evaluation metrics: RadFact

Hypotheses Premises Boxes
A Nodule observed in the left lung. & = Questionable nodule in left upper lobe. El
There are bilateral pleural effusions. & Pulmonary vascularity is normal. 2
C The cardiac size is normal. [ x] There is no pneumothorax. 3
D No pneumothorax. © Moderate right pleural effusion. |z|
E Small patchy density in the right apical region. () Left pleural effusion is now small. E
& ilec O Gro s ally e Cardiomegaly again noted. El
Logical precision |{A, B, D}| | Grounding precision 8} Spatial precision BY .. .
% sentences that are =60% % (grounded & entailed) sentences ;. .1 — 50% % grounded sentences A B E =33.3%
entailed that are spatially entailed that are spatially entailed

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

AlIM| @



2. Evaluation metrics: RaTEScore

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

gp I SRR RIS ERAT TR SR TS SR I mm—— N ( ; & :
Medical Entity Recognition : l Synonym Disambiguation
|
[ [N I N T T
eurs <fusion [N : —
i i eu sion
The chest radiograph demonstrates No evidence of j§2 ' : Medical Entity : EEHEDE
Non-AbnormalltyI - EREETE) TTTTT]
ey predominantly in  and e Findings | . EEEEEE
Ab lit -Di ' l
NI NON-DIsGass I | Finding Maximum Cosine Similarity
theJE{AVIH LN, consistent suggest a diagnosis of | o, o ), o g .
I
Y il et
with an m process. right lower lobe : Contextual : P
Abnormality Anatomy Disease 1 Entity Type ’: ( Abnormality, »
. é : | Anatomy)
< . . Lo [ |
\,;)410 Reference: x Y Candidate: £ ; .\ Type Set Affinity Matrix

Stanford
AIMI @&



3. Practical Demonstration:

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

B Spaces

green-score 0.0.12 o

pip install green-score @ Released: Sep 9, 2025

Running on % ZERO

No project description provided

GREEN @

Navigation Project description

GREEN: Generative Radiology Report Evaluation and Error Notation

Evaluate medical reports to compute GREEN score

D Release history

Project Page | Paper | &) Dataset | &) Model

& StanfordAIMI Dec 5, 2024

& Download files

Abstract

Stanford-AIMI GREEN ology reports is a challenging problem as factual correctness is extremely important due to its medical

ankamatic aualiatinn matrice aithar cuffar fram failing ta rancidar fartiial cavreactnace (a e BIEH and

[V | {1 Pull requests (>) Actions [ Projects ) Security 34 |~ Insights {53 Settings

GREEN ' Public Edit Pins ~ Unwatch 3

main Branche ) t Add file <> Code ~

€ jbdel 2 O 92 Commits

green_score

BB inference




3. Practical Demonstration:

< Spaces «© GREEN © < like Running on ZERO

GREEN Score Evaluation Demo

This demo evaluates a single pair of reference and hypothesis reports to compute the GREEN score.

Choose Input Type

Custom Example 1 ® Example 2 Example 3

Reference Report

The heart size is normal. Lungs are clear without any infiltrates.

Hypothesis Report

The heart size is mildly enlarged. Mild infiltrates in the left upper lobe.

Model Name

StanfordAIMI/GREEN-radllama2-7b

GREEN Analysis
infiltrates, while the reference report states that the lungs are clear without any infiltrates.
[Clinically Significant Errors]:
(a) False report of a finding: 2. The heart size is reported as mildly enlarged; Mild infiltrates are
reported in the left upper lobe.
(b) Missing a finding present in the reference: 0.
(c) Misidentification of a finding's anatomic location/position: 0.
(d) Misassessment of the severity of a finding: 0.

(e) Mentioning a comparison that isn't in the reference: 0.
(f) Omitting a comparison detailing a change from a prior study: 0.

[Clinically Insignificant Errors]:
(a) False report of a finding: 0.
(b) Missing a finding present in the reference: 0.
(c) Misidentification of a finding's anatomic location/position: 0.
(d) Misassessment of the severity of a finding: 0.
(e) Mentioning a comparison that isn't in the reference: 0.
(f) Omitting a comparison detailing a change from a prior study: 0.
[Matched Findings]:
0.
Scores and Errors
Metric
green_score
(a) False report of a finding in the candidate
Missing a finding present in the reference
Misidentification of a finding's anatomic location/position
Misassessment of the severity of a finding
(e) Mentioning a comparison that isn't in the reference

(f) Omitting a comparison detailing a change from a prior study

Matched Findings




Stanford
AIMI @&

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 <’




V1. Enhancing LVLMs utilization: Human Computer Interaction

Diagnosis Recommendation Diagnosis Report Confirmation

Opacities involving the right
middle lobe and left lower lobe

Radi0|ogist — are again demonstrated and

may represent heart failure or

Input

—‘ ’- ' infection in the appropriate
o , setting
- \' ICD code 428.0 ; —Q ’-
CONGESTIVE HEART o —
/ \ FAILURE, UNSPEC - _—
a —
Chest X-ray ICD code J18.9 : Pneumonia, ” -
A unspecified organism ’ \ Eye Fixation
A ’ \ Prompt from
a Radiologist

b Chest X-ray \ - /
Possible differential diagnoses based on this chest

radiograph could include congestive heart failure,
pneumonia, malignancy, or puimonary embolism.

LMM
Eye Fixation Disease NER v ICD Code Linking
Prompt from v
a Radiologist S

Contains a Mistake/Error or Not

Integrate the eye fixation information into textual prompts

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

24 November 2025 Artificial Intelligence for Healthcare

264



V1. Enhancing LVLMs utilization: Human Computer Interaction

Preprocessing Report
R — / Automation
—— ==
S—— INPUT Error
—— B Py - Large :
R ~ -9 Detection
~ N R — K Language
Chest X RS —— and
est X-ray SN .—, S
A F A Vision
/ N Assistant _ _
p. . (VLM) Diagnosis

O
Prompt

Eye Gaze from
a Radiologist

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

Kim et al., 2024. Enhancing Human-Computer Interaction in Chest X-ray Analysis using Vision and Language Model with Eye Gaze Patterns. MICCAI 2024
24 November 2025 ng A bu foni y Analysis using Visi guag y 265


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

V1. Enhancing LVLMs utilization: Human Computer Interaction

—
—
o i
o — Medical LVLM
s AN = N\ Finetuned with
—— P N Heat Map
A
Z3
e w—
Chest X-ray — ’a @* Ordered with duration
‘ - Fixation: X: 0.78, Y: 0.23, Medical LVLM
; ‘ Fixation Time: 2.2 seconds Finetuned with Textual
® FY =

Eye Gaze from
a Radiologist
For CXR Report
Analysis

Findings: No
pneumothorax. No
pneumonia. The cardiac
silhouette is enlarged.

Impression: Enlarged
cardiac silhouette. General Domain LVLM for

Diagnosis: Video w/o Finetuning
Cardiomegaly.

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

24 November 2025 266



Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

Med-Gemini Development
Inherited capabilities Medical specialization

Self-training with

AcYancedTeasoring web search integration

Gemini Med-Gemini

Fine-tuning & customized
encoders

Multimodal understanding

Long-context processing ——— Chain-of-reasoning prompting

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

24 November 2025 267



Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

Medical Modalities
& Knowledge

o L
’ /AW Med-Gemini Applications
‘»,_\ % _,"‘ \ R ——— 7 D
\-:- \\\\ - Classification
=N\ \ % - -
S - \\ 2D it w

\ ;“1 / l‘u' = Visual Question
= \ \\ Gemini e ; ey ual Wwuestc

\ / Answering

W o ~ \ £2:20
,"/ 23 : ‘t‘.‘.\ \‘\ Fo. o] ‘ ' ( "MMD h
| } _ 20 Kepo
\(R) )) - 3D < 8 'j*f‘.f_‘
R ) / NN Generation
5 '/ /;; N . J
» ! \
/ 96
\ . 3D Report
N4 (

‘,,.,-"'— :._\ / ,’l [ ) R r )
/ /: \ 1/’ - :
( Gl {l L I 1on )
\‘.\ \" Ny / lf
= / f : [ Polygenic R )
PR - sradictio
//'. \ ‘o‘j.\ / ‘f L 2aiction )

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

24 November 2025 268



Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

Modality Dataset No. examples | No. Images | Description
Slake-VQA 4,919 450 Radiology images & QA pairs
MIMIC-CXR 2,142,892 231,483 Radiology images & free-form reports
; Digital Knee X-ray 1,469 1,469 Knee X-ray images & labels
Radiology (2D) ; :
CXR-US2 132,680 132,680 Radiology images & free-form reports
NLST 2,199 2,199 2D CT slices & free-form reports
CT-US1 3,207 3,207 2D CT slices & free-form reports
Radiology (3D) CT-US1 657,719 657,719 3D CT images & free-form reports
Patliology PathVQA 19,654 2,599 Pathology images & QA pairs
Histopathology 1,550,976 207,603 Histopathology images, captions, & QA pairs
Dermatology PAD-UFES-20 2,047 2,047 Skin lesion images & labels
Ophthalmology EyePACS 14,406 14,406 Fundus images & labels
. PMC 2,246,656 2,246,656 PubMed Central images & caption pairs
Medical VQA
MedVQA 12,664 3,168 Medical images & QA pairs
Genomics UK Biobank 259,225 259,225 Genomic data & disease outcomes
Signal QA | ECG-QA (cardiology) | 159,306 | | Close-ended signal QA of electrocardiograms

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

24 November 2025

269



Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

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)

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

24 November 2025 270



Ill. LVLMs in Medicine

Med-Gemini: Gemini Models in Medicine

Prompt
Example of Med-Gemini’s long-context
You are a helpful medical video assistant. Capabi/ities on a Surgical Video.
Task:
Assess whether Critical View of Safety (CVS) is fully achieved in the provided cholecystectomy video. . .
The Critical View of Safety (CVS) is fully achieved if the following three criteria are met: It ana/yzes a video Cllp from the Cholec80 dataset
e C1: Clear view of 2 tubular structures connected to the gallbladder. . i .
e C2: A carefully dissected hepatocystic triangle presenting an unimpeded view of only the 2 cystic structures and to assess achievement of the Critical View of
e the cystic plate. . .
e C3: The lower third of the gallbladder is dissected off the cystic plate. Saf ety (C VS) dur n g a I ap ar OSCOp IC
, : cholecystectomy (a keyhole operation to remove
nstructions:
1. Watch the video carefully, and answer which of the Critical View of Safety (CVS) criteria are met. the ga[/b[adder) . The model assesses whether the
2. Output Format: ) ) L. )
e CVS Assessment: three criteria defining the achievement of the CVS

o C1- achieved / partially achieved / not achieved (Optional explanation) . . .

o C2 - achieved / partially achieved / not achieved (Optional explanation) are met, with a detailed exp/anatlon for each

o C3 - achieved / partially achieved / not achieved (Optional explanation) c rite f'iO n se p arate ly
Response
CVS Assessment:

C1 - partially achieved: Two tubular structures are visible but the view is not entirely clear due to some bleeding obscuring the area.

C2 - not achieved: The hepatocystic triangle is not clearly dissected, and there is not an unimpeded view of only the two cystic structures and the cystic
plate.

C3 - not achieved: The lower third of the gallbladder is not dissected off the cystic plate.

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

Auto-regressive Training

Applications:

* Medical Decision-Making:
* Diagnosis
e Treatment Planning
* Risk Prediction
* Mortality

* Prognosis

e Medical Translation:
e Multilingual

e Lay Translation

> & =

Instruction Fine-tuning

» A
ﬁ ‘j ’
T | °

Admission Screening and
to hospital examination

Chief complaint: intermittent chest pain and
breathlessness

Events in last 24 hours: overnight observation
confirmed tachycardia; condition improved with
medication (]

Assessment: a 72-year-old male with hypertension

and DM presented with cardiac symptoms. Possible

acute coronary syndrome and atrial fibrillation are

suspected °

e Patient Education
Virtual Coach

Spiritual Care

p S
& { /,1'_‘ What are the most likely diagnoses? ‘
——=
>

* Follow-up Reminder

Others .

; * Research Support .
L gye
. « Robotic Instruction .
S =
Translation to‘ s, nslation °

other language to lay person

Clinical Trail Design .

)
o

=

RL Fine-tuning

Medical Inquiry and Response (Chatbot):

Conversational Consultation

Mental Health Support
Research Support
Workflow Assistant

Note Generation

Clinical LLMs

Inquiry Q Interaction
e l@l —_—
— i
Response Review ) )

N~ e
[

|

of COPD and am now stable and ready to be

discharged. What should | pay attention to

at home? What can | do to prevent future
Lexaoerbations?

J | was hospitalized for an acute exacerbation

Attend follow-up appointments regularly to
monitor your condition; exercise moderately
(e.g. walking, tai chi), but avoid overexertion;
get vaccinated against influenza and
pneumonia to prevent infections; avoid
exposure to irritants like smoke and dust,
keep indoor air wellventilated; if symptoms
worsen, seek medical attention promptly

* Medical Education
* Lab Test Interpretation

* ... (so many!)



The Pre-training Era (2019 - 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

*  Architecture: Encoder-only (BERT)

*  Training stage: Pre-training

*  Training objective: Masked token completion
*  Applications: Specific fine-tuning

. Data: EHR+Medical Literature

*  Architecture: Decoder-only (GPT)

*  Training Objective: Auto-regressive

Training stage: Pre-training and Instruction Fine-tuning

Applications: MCQ exams and Chatbot (zero-shot)
Data: Web-scale Corpus + Instruction Data (MCQs & dialoges)

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

2019-2023

BioBERT (2019.01)
Journal: Bioinformatics, Size: 1 |0M
Data: 18B tokens, PubMed + PMC

ClinicalBERT (2019.04)
Journal: arXiv, Size: | IOM
Data: | 1 2k clinical notes, MIMIC-IV

PubMedBERT (2020.07)
Conference: ACL, Size: 1 IOM/340M
Data: 3.2B tokens, PubMed + PMC

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

O

2023-2025
High Quality Answer Traits 5075 _— @ BioBERT
90 Better reflects consensus = 1 Med-PaLM 2
k \ & ClinicalBERT
Better reading comprehension N B / (®)
——————————————————— — 868 Expert 2020 / O BioMegatron ChatDoctor @
80 Better knowledge recall = 5 G | 85 £)) DoctorGLM @ n - MedAGH®,
oog e,/ \ {2} BenTsao ® ® LLaVA-Med @
g Better reasoning = / E5 pubMedBERT = @ N @) PMC-LLaMA @ ) OphGLM @
> 0 20 40 60 80 100 &) KeBioLM :-EVisual Med-Alpaca @ B BioGPT
o -
£ 70 Med-PaLM/ \ ) BianQue @ i} ShenNong-TCM-LLM @
3 :
g ’ :7.2 . 2022 & Med-PalM 2 @ ¥ MedicalGPT ®
o) GPT 3.5.7 - -) BioBART UF GatorTronGPT E ChatMed @
260 Stanford o’ [®] clinicalTs @ HuatuoGPT @ a QizhenGPT @
i 60.2 UF GatorTron = @ 2023 ) ClinicalGPT ® 2 Med-ChatGLM @
s % == Codex-Med @
u BioMedLM ,* T :
= 50 DRAGON o R Galacticak @ i) Med-Flamingo @
< S u A P
o BioLinkBERT e 50.3 m: GPT-4-Med @ A \ @ DISC-MedLLM @
E Microsoft o > 5 ML P \ BeiD-Ep @ WyGPT @
, el @
27 a5 @ CcareGPT @
40 PubMedBERT, - T|.m MedAlpaca ® 15 WiNGPT ®
X )
GPT-Neo _-~ ; . " ) SoulChat A
- 38.1 Medical Information Analysis &
A Sop—— © ChiMed-GPT @ oMz
33.3 edical 1
30 Medical Text Generation @HuatquPT @

Dec 20 Sep 21 Mar 22 Oct 22 Dec 22 Dec 22 Dec 22

United States Medical Licensing Examination

Mar 23

A Psychological Support Q&A

@) Taiyi-Lm @
w* Zhongjing @

G Med-Gemini@ _~ 2024 —
‘qp’ Health-LLM @



The Post-training Era (2025 - now)

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

* Applications: serious and practical clinical tasks.

Method:

Unknown:

2025.05: MedGemma
MedGemma 27B has been trained

MedGemma

a 3 variant optimized for medical text

exclusively on medical text and optimized [KEAULEEESE :
and image comprehension

for inference-time computation.

m1: Unleash the Potential of Test-Time Scaling for Medical
Reasoning with Large Language Models

Xiaoke Huang!, Juncheng Wu!, Hui Liu?, Xianfeng Tang?, Yuyin Zhou!
1 UC Santa Cruz 2 Amazon Research
https://github.com/UCSC-VLAA/m1
2025.05: m| (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.

HuatuoGPT-01, Towards Medical Complex Reasoning
with LLMs

Junying Chen!, Zhenyang Cai', Ke Ji!, Xidong Wang', Wanlong Liu'
Rongsheng Wang!, Jianye Hou'!, Benyou Wang!:2*
! The Chinese University of Hong Kong, Shenzhen
2 Shenzhen Research Institute of Big Data

2024.12: HuatuoGPT-ol (instruction + RL)

Distill general reasoning LLMs + medical verifier by prompting GPT-4o0.
RL through verifiable medical questions

Construct a 40K medical verification dataset from MCQs

MedReason: Eliciting Factual Medical Reasoning Steps in LLMs
via Knowledge Graphs

Juncheng Wul*,Wenlong Deng?%* Xingxuan Li%, Sheng Liu*, Taomian Mi?,
Yifan Peng®, Ziyang Xu®, Yi Liu®, Hyunjin Cho’, Chang-In Choi’, Yihan Cao!?,
Hui Ren!Y, Xiang Li'?, Xiaoxiao Li*>®*, Yuyin Zhou'*

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.



The Post-training Era (2025 - now)

Diagnosis:
2025.01

Develop a 176B medical diagnosis LLM

through pre-training and SFT

naturemedicine

Explore content v About the journal v Publish with us v

nature > nature medicine > articles > article

Article | Published: 08 January 2025

A generalist medical language model for disease
diagnosis assistance

Xiachong Liu, Hao Liu, Guoxing Yang, Zeyu Jiang, Shuguang_Cui, Zhaoze Zhang, Huan Wang, Liyuan Tao,

Yongchang Sun, Zhu Song, Tianpei Hong, Jin Yang, Tianrun Gao, Jiangjiang_Zhang, Xiaohu Li, Jing Zhang,

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

npj | digital medicine

Explore content v About the journal v Publish with us v

nature > npj_digital medicine > articles > article

Article | Open access | Published: 18 March 2025

Preliminary analysis of the impact of lab results on
large language model generated differential diagnoses

Balu Bhasuran, Qiao Jin, Yuzhang Xie, Carl Yang, Karim Hanna, Jennifer Costa, Cindy Shavor, Wenshan Han,

Ye Sang, Zhao Yang, Kanmin Xue, Song Wy, Ping Zhang, Jian Yang 8, Chunli Song ™ & Guangyu Wang ™

2025.04

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

nature

Explore content v About the journal v Publish with us v

Zhiyong_Lu & Zhe He ]

2025.04
Conversational diagnosis by simulating
patients and doctors to generate

instruction data, with a rule-based reasoning

chain and multi-turn interaction.

nature

Explore content v About the journal v Publish with us v

nature > articles > article

Article ‘ Open access | Published: 09 April 2025

Towards accurate differential diagnosis with large
language models

Daniel McDuffB, Mike Schaekermann g’ Tao Tu, Anil Palepu, Amy Wang, Jake Garrison, Karan Singhal,

Yash Sharma, Shekoofeh Azizi, Kavita Kulkarni, Le Hou, Yong_Cheng, Yun Liu, S. Sara Mahdavi, Sushant

Prakash, Anupam Pathak, Christopher Semturs, Shwetak Patel, Dale R. Webster, Ewa Dominowska, Juraj

Gottweis, Joelle Barral, Katherine Chou, Greg S. Corrado, ... Vivek Natarajan ™ + show authors

nature > articles > article

Article | Open access | Published: 09 April 2025
Towards conversational diagnostic artificial
intelligence

Tao Tu E, Mike Schaekermann E, Anil Palepu, Khaled Saab, Jan Freyberg, Ryutaro Tanno, Amy Wang,

Brenna Li, Mohamed Amin, Yong_Cheng, Elahe Vedadi, Nenad Tomasev, Shekoofeh Azizi, Karan Singhal, Le

Hou, Albert Webson, Kavita Kulkarni, S. Sara Mahdavi, Christopher Semturs, Juraj Gottweis, Joelle Barral,

Katherine Chou, Greg S. Corrado, Yossi Matias, ... Vivek Natarajan™  + Show authors

Clinical Decision-making:

2024.07
Evaluation LLM Decision-making
ability leveraging EHR data.

nature medicine

Explore content v About the journal v Publish with us v

nature > nature medicine > articles > article

Article | Open access | Published: 04 July 2024

Evaluation and mitigation of the limitations of large
language models in clinical decision-making

Paul Haaerg, Friederike Jungmann, Robbie Holland, Kunal Bhagat, Inga Hubrecht, Manuel Knauer, Jakob

Vielhauer, Marcus Makowski, Rickmer Braren, Georgios Kaissis & Daniel Rueckert

2025.04

Test DeepSeek in clinical
decision-making with 25 patient
cases

naturemedicine

Explore content v About the journal v Publish with us v

2024.10

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

nature communications

Explore content v About the journal v Publish with us v

nature > nature communications > articles > article

Article | Open access | Published: 08 October 2024

Evaluating the use of large language models to provide
clinical recommendations in the Emergency
Department

2025.05

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

npj | digital medicine

Explore content v About the journal ¥ Publish with us v

nature > nature medicine > brief communications > article

Brief Communication ‘ Open access ‘ Published: 23 April 2025

Benchmark evaluation of DeepSeek large language
models in clinical decision-making

Sarah Sandmann, Stefan Hegselmann, Michael Fujarski, Lucas Bickmann, Benjamin Wild, Roland Eils & &

Julian Varghese

nature > npj digital medicine > articles > article

Article | Open access | Published: 09 May 2025
Evaluating large language model workflows in clinical
decision support for triage and referral and diagnosis

Farieda Gaber, Magsood Shaik, Fabio Allega, Agnes Julia Bilecz, Felix Busch, Kelsey Goon, Vedran Franke &
Altuna Akalin™&



The Post-training Era (2025 - now)

Holistic Clinical Task Collection:

npj | digital medicine

Explore content v

About the journal v

Publish with us v

nature > npj_digital medicine > articles > article

Article ‘ Open access ‘ Published: 27 January 2025

Towards evaluating and building versatile large
language models for medicine

2025.01

Chaoyi Wu, Pengcheng_Qiu, Jinxin Liu, Hongfei Gu, Na Li, Ya Zhang, Yanfeng Wang‘E & Weidi Xie &

Systematically curate different existing bioNLP tasks and build up a new

wide clinical task coverage instruction dataset.

2025.03

Build up Me-LLaMA through
pre-training and instruction
tuning with multiple clinical

text analysis tasks.

npj | digital medicine

Explore content v About the journal ¥  Publish with us v

Clinical Trial:

2024.11
Leverage LLMs to match
patients with clinical trials

with prompt engineering.

Patient Interaction:

nature > npjdigital medicine > articles > article

Article ‘ Open access | Published: 05 March 2025

Medical foundation large language models for
comprehensive text analysis and beyond

Qiangian Xie, Qingyu Chen, Aokun Chen, Cheng_Peng, Yan Hu, Fongci Lin, Xueging_Peng, Jimin Huang,

Jeffrey Zhang, Vipina Keloth, Xinyu Zhou, Lingfei Qian, Huan He, Dennis Shung, Lucila Ohno-Machado,

Yonghui Wy, Hua Xu® & Jiang_Bian &

2024.11

Build up a conversational
interaction evaluation
frame, reflecting how LLMs
can interact with

patientswork to evaluate.

nature communications

Explore content v About the journal v  Publish with us v

nature > nature communications > articles > article

Article ‘ Open access ‘ Published: 18 November 2024

Matching patients to clinical trials with large language
models

Qiao Jin, Zifeng_Wang, Charalampos S. Floudas, Fangyuan Chen, Changlin Gong, Dara Bracken-Clarke
&

Elisabetta Xue, Yifan Yang, Jimeng_Sun & Zhiyong_Lu

nature communications

Explore content v About the journal v  Publish with us v

nature > nature communications > articles > article

Article ‘ Open access ‘ Published: 18 November 2024

Matching patients to clinical trials with large language
models

Qiao Jin, Zifeng Wang, Charalampos S. Floudas, Fangyuan Chen, Changlin Gong, Dara Bracken-Clarke,

Elisabetta Xue, Yifan Yang, Jimeng_ Sun & Zhiyong ws




The Post-training Era (2025 - now)

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

* Applications: serious and practical clinical tasks.

Evaluating final accuracy on reasoning-wise questions:

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

Explore content v

nature communications

About the journal v Publish with us v

nature > nature communications > articles > article

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

Article | Open access | Published: 14 January 2025

Large Language Models lack essential metacognition
for reliable medical reasoning

Maxime Griot &, Coralie Hemptinne, Jean Vanderdonckt & Demet Yuksel

reasoning.

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

nature medicine

Explore content v About the journal v Publish with us v

nature > nature medicine > brief communications > article

Brief Communication | Published: 23 April 2025

Comparative benchmarking of the DeepSeek large
language model on medical tasks and clinical
reasoning

Mickael Tordjman, Zelong Liu, Murat Yuce, Valentin Fauveau, Yunhao Mei, Jerome Hadjadj, lan Bolger,

Haidara Almansour, Carolyn Horst, Ashwin Singh Parihar, Amine Geahchan, Anis Meribout, Nader Yatim,

Nicole Ng, Phillip Robson, Alexander Zhou, Sara Lewis, Minggian Huang, Timothy Deyer, Bachir Taouli

Hao-Chih Lee &, Zahi A. Fayad ™ & Xueyan Mei 2

2025.01:
Organize a new expert-level
reasoning MCQ dataset

2025.05:
Train a BERT classifier to
disentangle the

reasoning-wise MCQs from
MCQ benchmarks.

MedXpertQA: Benchmarking Expert-Level Medical Reasoning and
Understanding

Yuxin Zuo™! Shang Qu”'? Yifei Li' Zhangren Chen' Xuekai Zhu' Ermo Hua' Kaiyan Zhang'
Ning Ding™'? Bowen Zhou™'?

Disentangling Reasoning and Knowledge in Medical
Large Language Models

Rahul Thapa®:2*
Kevin Wu! Harrison Zhang'
Haotian Ye! Suhana Bedi'!

Shriya Reddy' Ben Athiwaratkun?

Qingyang Wu?
Eric Wu!
Joseph Boen'

Angela Zhang?
Nevin Aresh!

Shuaiwen Leon Song?  James Zou':?

Quantifying the Reasoning Abilities of LLMs

on Real-world Clinical Cases

Pengcheng Qiu'%*, Chaoyi Wu'%*, Shuyu Liu!, Weike Zhao!:?, Zhuoxia Chen?,

2025.02:

Hongfei Gu®, Chuanjin Peng®, Ya Zhang'2, Yanfeng Wang'* and Weidi Xie':>1

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.



Annual Progress Report on Al4Healthcare

Generative Visual-Language Models in Al4healthcare

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




Medical MLLMs-Preliminary Goal

Visual: Segmentation, Detection...

<

Text: Di LR Medical Knowledge
3 ext: Diagnosis, Report...

Unified Medical Language System® (UMLS®)

Interaction A Generalist Medical
g @ @ » 9 Foundation Models

Graphs I Signals | Omics

| Audios | Texts | Images
I I I
| I:]nl 2
I | ==

One modal for all Strong generalization Comprehensive knowledge



Trend

Task-specific small models

=Y

2015.5. U-Net, MICCAI

U-Net: Convolutional Networks for Biomedical
Image Segment

2016.6. V-Net, 3DV

V-Net:

2017.11  CheXNet

CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays "
with Deep Learning =
Vi el Mokt
e S . u

2018.1.  TieNet,AAAI

‘TieNet: Text-Image Embedding Network for Common Thorax Disease
Classifcation and Reporting in Chest X-rays




Trend

Task-specific small models

2015.5. U-Net, MICCAI

2016.6. V-Net, 3DV

2017.11 CheXNet
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2018.1.  TieNet, AAAI

M
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2021.8.  RadGraph, NeurlPS

CLIP-based models

2020.9. ConVIRT

mmmm Communications

Knowledge-enhanced visual language pre-
training on chest radiology images




Trend

Task-specific small models

2015.5.

U-Net: Convolutional N

U-Net, MICCAI

2016.6.

V-Net, 3DV

2017.11 CheXNet

R
P EN |
Je )&

2018.1.  TieNet,AAAI

2021.8. RadGraph, NeurlPS

CLIP-based models

2023.5

Large Foundation Models

2023.6

2023.7

20

2020.9. ConVIRT

BioMedGPT

2022.9. CheXzero,NBE. 182M,2023
VQA/Text/

MedVInT

78,2023
227k VQA pairs
30+ imaging modalities
Communications
Medicine

LLaVA-Med

A scalmg party” i

2024.1

RadFM
14B,2023

16M 2D & 3D images

MedFlamingo

9B,2023
few-shot VQA/reasoning/

Mkl A dAl cmneAe

data, model sizes and trammg_plpelme.

17 medical systems
5 medical tasks
Nature

Communications

:Xagent
B, 2024
M triplets
edical tasks

reprint

More Parameter

Detailed information on existing medical MLLMs.

More Data

wications

Knowledge-enhanced visual-language pre-
training on chest radiology images m "

Modality Alignment Method Model Name Vision Encoder LLM Backbone Data Source Evaluation Method Date
GATED XATTN-DENSE Layers Med-Flamingo [102] CLIP-ViT LLaMA MTB, PMC-OA AEM, Human 2023/07
MedBLIP [103] EVA-CLIP-ViT BioMedLM ADNI, NACC, OASIS AEM 2023/05
XrayGLM [104] ViT-G ChatGLM MIMIC-CXR, Openl / 2023/05
Query-Based PCLmed [105] EVA-CLIP-VIiT ChatGLM ImageCLEF 2023 caption prediction AEM 2023/06
RadFM [106] 3D ViT MedLLaMA-138 MedMD, RadMD AEM, Human 2023/08
CheXagent [107] EVA-CLIP-VIiT Mistral CheXinstruct AEM, Human 2024/01
CLIP-ViT w/ GPT2 [108] CLIP-VIiT GPT2-XL Slake, PathVQA, OVQA AEM 2023/05
MedVint [109] PMC-CLIP-ViT PMC-LLaMA PMC-VQA AEM 2023/05
PathAsst [110] PathCLIP-ViT Vicuna PathCap, Pathinstruct / 2023/05
LLaVA-Med [18] CLIP-ViT LLaMA PMC-15M, VQA-RAD, SLAKE, PathVQA AEM, Al 2023/06
XrayGPT [111] MedCLIP-ViT Vicuna MIMIC-CXR, Openl AEM, Al 2023/06
Med-PaLM M [21] ViT-e, ViT-22B PaLM MultiMedBench AEM, Human 2023/07
R2GenGPT [20] Swin Transformer LLaMA 2 IU-Xray, MIMIC-CXR AEM 2023/09
Projection-Based Qilin-Med-VL [112] ViT LLaMA-2-Chinese ChiMed-VL / 2023/10
MAIRA-1 [96] RAD-DINO Vicuna MIMIC-CXR AEM, Human 2023/11
PeFoM-Med [113] EVA-CLIP-VIiT LLaMA 2 ROCO, VQA-RAD AEM, Human 2024/01
M3D-LaMed [114] 3D ViT LLaMA-2 M3D-Data AEM, Al 2024/03
MoE-TinyMed [115] CLIP-ViT Phi-2 LLaVA-Med, VQA-RAD, SLAKE, PathVQA AEM 2024/04
MAIRA-2 [116] Rad-DINO Vicuna MIMIC-CXR, PadChest, USMix AEM 2024/06
PathChat [97] UNI LLaMA 2 PubMed, WSls AEM, Human 2024/06
HuatuoGPT-Vision [117] CLIP-ViT Yi-1.5 PubMedVision, HuatuoGPT-II AEM 2024/06
miniGPT-Med [118] EVA-CLIP-VIiT LLaMA 2 MIMIC, NLST, SLAKE, RSNA, RadVQA AEM 2024/07
SkinGPT-4 [119] ViT LLaMA 2 SKINCON, Dermnet Human 2024/07
LLaVA-Med++ [56] CLIP-ViT LLaMA MedTrinity-25M, VQA-RAD, SLAKE, PathVQA AEM 2024/08
SigPhi-Med [120] SigLIP Phi-2 LLaVA-Med, VQA-RAD, SLAKE, PathVQA AEM 2024/10
ChatCAD [17] Expert models ChatGPT MIMIC-CXR, CheXpert AEM 2023/02
TV — Visual Med-Alpaca [92] Expert models Med-Alpaca ROCO, BigBIO / 2023/04
REAE ChatCAD+ [121] Expert models ChatGPT CheXpert, MIMIC-CXR AEM 2023/05
OphGLM [122] Expert models ChatGLM Web data, MedDialog AEM 2023/06

MedDr

408, 2024

2M instruction tuning
Retrieval-Augmented
7 medical tasks

preprint

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



Recent Progress and Future Directions

Reasoning Enhancement

Original Clinical Visual Question:

i\

Does this chest X-ray show cardiomegaly? Previous Model Output:

Options:
A) Yes Output:A) Yes
e Result-only

Reasoning-enhanced Model Output:

Output:

Low Level Patterns

High Level Diseases

Step-by-step Radiology Interpretation Thoughts Reasoning Processes:

7 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

W R Nomal Heart Size ratio, which is the ratio of the maximal horizontal cardiac diameter to

Il /Q support Devices the maximal horizontal thoracic diameter. In a normal PA chest X-ray,
q Q - this ratio is expected to be less than 0.50 ...
Atelectasis, no cardiomegaly ..... Therefore, the answer is A) Yes




Recent Progress and Future Directions

Reasoning Enhancement

MLLM for reasoning with outcome RL[-3]

A
-~ N

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

MLLM for reasoning with process RL [4]

MedVLM-R1: Incentivizing Medical Reasoning ChestX-Reasoner: Advancing Radiology Foundation Models with

Capability of Vision-Language Models (VLMs) Patho-R1: A Multimodal Reinforcement Reasoning through Step-by-Step Verification
via Reinforcement Learning )

Learning-Based Pathology Expert Reasoner

Ziqing Fan'? *, Cheng Liang® *, Chaoyi Wu'*?
Jiazhen Pan'?*, Che Liu**, Junde Wu?, Fenglin Liu?, Jiayuan Zhu?, Hongwei Ya Zhang!2, Yanfeng Wang!'? and Weidi Xie!+?
Bran Li*, Chen Chen®%, Cheng Ouyang?®f, Daniel Rueckert !¢t
~
Question Template 1,2% 3% T3 4% 5 . 2 Step-by-step Radiology Interpretation Thoughts oo o
i ot il , Wenchuan Zhang“* Penghao Zhang”* Jingru Guo®* Tao Cheng®> Jie Chen Y Y
at can be observed in this image? .1
M £an o obacrves. I AL MaEe Shuwan Zhang® Zhang Zhang'  Yuhao Yi''?' Hong Bu'? Reasonmg
A) Cartilage degeneration B) Labral pathology Q
C) Bone fracture D) Tendonitis . . . o Hazy Opacity
!Department of Pathology, West China Hospital, Sichuan University Low Level Pattems .
Model Input Prompt 2 . e " X i . N Nomal Heart Size
{Qistion} Yous:tadk Institute of Clinical Pathology, West China Hospital, Sichuan University Q
uesuon UL Las 3 & AUni g 5Busiiiass * iz B /¥ Support Devices A
1. Think through the question step by step, enclose your rea- Indeper(lident Researcher ~ “University of_Toromo . Busm_e” SChQOI- Sl"l'lu‘m _Umve““y Q / ) Clinical Report
soning process in <think>...</think> tags. Department of Pathology, Shengjing Hospital of China Medical University Findings:
2. Then provide the correct single-letter choice (A, B, C, D....) inside <an- zhangwenchuan@stu.scu.edu.cn, yuhaoyi@scu.edu.cn Hazy opacity is present in the right
swer>...< /answer> tags. lung which show atelectasis......
3. No extra information or text outside of these tags. High Level Diseasesd Atelectasis, no cardiomegaly, ...... | Impressions:
Model Output Examples What is the condition of the interstitial in the image? Ground truth: The interstitial in the image looks normal. Ssmple setrce. 1
think> The imag 1 grayscale MRI image of an upper arm joint. The bicc - -
lar humer: e humerus is visibl i I1-definec Jin} % .
T e S e e e N0y . RadRBench-CXR Mined from Reports A isi
answer>B, there is no clear indication of 1:.,“.;,..“"”.“5”,....,m!mmnm.,& b ed ¢. ChestX-Reasoner through Process Supervision
including intact acini and ducts. The interstitial
Format Reward = 1 due to the present of all tags and no content outside the tags eshs bk fivodls v mrlathuay (™
\Accuracy Reward — 0.5 due to extra explanation appended after the answer J S secionof s hat sppars o v lndsand srrounding soms, The prsence of hese lands sggsts e e e Clinical Report ini E : e i
o lonsl et pper e gt nd o oo, The rsece e g gt | | o veapin i okt P Mining @ Stage I Supervised Fine Tuning
T e R T e T it e veaa i e otk e S B i
3 3 . breast tisue sample. <fanswer> e i e 0 1
Med-R1: Reinforcement Learning for Generalizable sppancatedn s Tt ) Binary Discasc Diagnosis | | Single Discase Diagnosis } =
o . o . e hinks A deiding that an image shows abrderine evrian o, benign proliferative lesion (e.g., fibrocystic ChestX-Reasoner Stage II: RL with Process Supervision
Medical Reasoning in Vision-Language Models w Change) aths than alignaey. T kot g e
e e e e ndonally. it s mportant to i ¥ Y atypla further
symptoms, and family history, as these can of the tumor. toperforma | | excludes invasive carcinoma </think> ]
thorough histopathalogical examination to confirm the diagnosis and to d:(crmmc e st nagment olae i ay it [l] || Sometecs T ot s e e g =
surveiliance, surgery, or ‘depending on  the tumor. </chink. normal, showing a terminal duct lobular unit
<answer> The next hould a thorough examination to confirm the diagnosis and to ith Intact scin sud ducts Theve tsnofi Y > Reasoning Process Supervision
pprop plan, which may i . surgery, or depending on the specific erideice oty ol e T cons i,
Yuxiang Lai'* Jike Zhong?* Ming Li** Shitian Zhao* Xiaofeng Yang"561 S Owen2.5VL-7B UMY feopiostic poliferative change </answers Question: Does this chest X-ray show | | Question: Which findings is in this Model Output Reasoning Processes:
!Department of Computer Science and Informatics, Emory University 58 W . atelectasis? this chest X-ray? A) Cardiomegaly. Process 1) First, I found hazy opacity is present in the right lung. 7
3 : : o e ) LG8 <tnins> T ssue appears o ave el el structures S Eeaes <
‘Department of Computer Science, University of Southern California The image shows fibrosis increased cellularity. </think> <answer> The tissue shows signs Reasoning: The X-ray reveals mild easoning: Normal heart size is Process 2) Second, I noticed enlarged heart size. 53]
3Department of Computer Science, University of Tokyo ctmalomney /anery ) linear opacities located at. observed. thus excluding A) Process 3) Third, I checked no signs of rib fracture. 7
“Department of Computer Science, Johns Hopkins University InternVI3-8B | DeepSeek-VL2-Tiny | Patho-R1-7B Answer: Yes Answer:B)Edma | |
*Department of Biomedical Engineering, Georgia Institute of Technology and Emory University
SDepartment of Radiation Oncology and Winship Cancer Institute, Emory University
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