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Lecture 10:

Vision-Language Generative 

Models in Biomedicine
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Announcements

- Project proposal is due Wed Oct 23

- A2 will be released Oct 30, due Nov 13

- Discussion presentations start Mon Nov 4

- Before starting discussions, we will summarize and synthesize what we have 

seen in class so far at the start of the Wed Oct 30 lecture
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Finishing up from last lecture:

Vision-Language Generative Models
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Model Choice

Fully Open-Sourced Large VLMs (Data+Training+Inference):

❖ Cambrian-1

Open-Sourced Large VLMs (Inference Only):

❖ Qwen2-VL

Proprietary Large VLMs (API Only):

❖ Image: GPT-4o

❖ Video: Gemini-1.5 Pro

2024/10；My Personal Opinion + Benchmark Results
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How to Link Vision to LLMs?

Internal Linkage → Vision-Language Models

❖ Architecture

❖ Evaluation

❖ Training Recipe

❖ Improvement

❖ Takeaway

External Linkage → Vision-Language Agents
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How to Link Vision to LLMs?

Internal Linkage → Vision-Language Models

❖ Architecture

❖ Evaluation

❖ Training Recipe

❖ Improvement

❖ Takeaway

External Linkage → Vision-Language Agents

❖ Language as Interface 
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Open-Source Computer Vision Models
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Language to Connect Vision Models

HuggingGPT (Shen et al. 2023)
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Language to Connect Vision Models

HuggingGPT (Shen et al. 2023)
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Language to Connect Vision Models

HuggingGPT (Shen et al. 2023)
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How to Link Vision to LLMs?

Internal Linkage → Vision-Language Models

❖ Architecture

❖ Evaluation

❖ Training Recipe

❖ Improvement

❖ Takeaway

External Linkage → Vision-Language Agents

❖ Language as Interface 

❖ Code as Interface
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Code to Connect Vision Models

ViperGPT (Surís et al. 2023)
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Code to Connect Vision Models

ViperGPT (Surís et al. 2023)

find (GLIP):

•Inputs: image, noun phrase (e.g., "car"); Output: list of image patches containing the noun 
phrase
exists (GLIP):

•Inputs: image, noun phrase; Output: boolean indicating if the noun phrase is present
verify_property (XVLM):

•Inputs: image, object (noun phrase), property (attribute); Output: boolean indicating if the 
property is present
best_image_match (X-VLM):

•Inputs: list of image patches, noun phrase; Output: best matching image patch for the noun 
phrase

best_text_match (X-VLM):
•Inputs: list of noun phrases, image; Output: best matching noun phrase for the image
compute_depth (MiDaS):

•Input: image patch; Output: median depth of the image patch
distance:

•Computes pixel-distance between two patches using Python built-in tools
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Code to Connect Vision Models

ViperGPT (Surís et al. 2023)
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Code to Connect Vision Models

ViperGPT (Surís et al. 2023)



Serena Yeung-Levy

Xiaohan Wang
BIODS 276: Adv. Topics in CV and Biomedicine Lecture 10 - 16

Code to Connect Vision Models

ViperGPT (Surís et al. 2023)
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How to Link Vision to LLMs?

Internal Linkage → Vision-Language Models

❖ Architecture

❖ Evaluation

❖ Training Recipe

❖ Improvement

❖ Takeaway

External Linkage → Vision-Language Agents

❖ Language as Interface 

❖ Code as Interface

❖ Takeaway



Serena Yeung-Levy

Xiaohan Wang
BIODS 276: Adv. Topics in CV and Biomedicine Lecture 10 - 18

The Generative Agent Architecture

Generative Agents (Park et al. 2023)
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Overview of Agent System

LLM Powered Autonomous Agents (Weng 2023)

https://lilianweng.github.io/posts/2023-06-23-agent/
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What’s next?

Internal Linkage → Vision-Language Models

❖ Architecture

❖ Evaluation

❖ Training Recipe

❖ Improvement

❖ Takeaway

External Linkage → Vision-Language Agents

❖ Language as Interface 

❖ Code as Interface

❖ Takeaway



Serena Yeung-Levy

Xiaohan Wang
BIODS 276: Adv. Topics in CV and Biomedicine Lecture 10 - 21

Learning to Reason
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Learning to Reason
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Agent for GUI Control
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Next:

Vision-Language Generative Models in 

Biomedicine
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Generalist (broad domain) 

biomedical VLMs
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Extends LLaVA to better answer 

biomedical questions, using a 

new biomedical instruction 

tuning dataset

- Instruction tuning dataset 

leverages PMC-15M (PubMed 

Central figure-caption dataset) 

and covers diverse domains

- Efficiently trained in < 15 hours 

using eight A100s
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PMC-15M: 15 million 

image-caption pairs from 

4.4 million publicly 

available full-text articles 

in PubMed Central

Complete article 

packages are 

downloaded, and figure 

files and matching 

captions are extracted 

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.

Remember: PMC-15M from BiomedCLIP (Generalist foundation 

model trained on PubMed)
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA
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Remember: LLaVA

LLaVA (Liu et al. 2023)

CLIP Vision Encoder

ViT-L/14

MLP

Vicuna

Stage 1: Pre-training for Feature Alignment

Stage 2: Fine-tuning End-to-End (𝑊 𝑎𝑛𝑑 ∅ )
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 1: Medical concept alignment using the single-task instruction of image captioning. 

Trained on 600K image-text caption pairs sampled from PMC-15M.
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 1: Medical concept alignment using the single-task instruction of image captioning. 

Trained on 600K image-text caption pairs sampled from PMC-15M.
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 1: Medical concept alignment using the single-task instruction of image captioning. 

Trained on 600K image-text caption pairs sampled from PMC-15M.

In stage 1, update only projection 

matrix, freeze visual encoder and LM 

weights
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 2: Medical instruction tuning by prompting language-only GPT-4 to generate multi-

round questions and answers given an image caption, in a tone as if it could see the image 

(even though it only has access to the text). 
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 2: Medical instruction tuning by prompting language-only GPT-4 to generate multi-

round questions and answers given an image caption, in a tone as if it could see the image 

(even though it only has access to the text). 

In stage 2, update projection matrix 

and LM weights, but still keep visual 

encoder frozen
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Prompting GPT-4 to generate instruction tuning data (Stage 2)

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 2: Medical instruction tuning by prompting language-only GPT-4 to generate multi-

round questions and answers given an image caption, in a tone as if it could see the image 

(even though it only has access to the text). 

In stage 2, update projection matrix 

and LM weights, but still keep visual 

encoder frozen
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 2: Medical instruction tuning by prompting language-only GPT-4 to generate multi-

round questions and answers given an image caption, in a tone as if it could see the image 

(even though it only has access to the text). 

In stage 2, update projection matrix 

and LM weights, but still keep visual 

encoder frozen

After the two-stage training, additionally fine-tune on three biomedical VQA datasets to better 

target to some specific biomedical scenarios. (Both Stage 1 and Stage 2 used the broad 

PMC-15M data.)
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LLaVA-Med: Training a Large Language-and-Vision Assistant for 

Biomedicine in One Day

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.

- Two stage medical fine-tuning approach starting from LLaVA

- Stage 2: Medical instruction tuning by prompting language-only GPT-4 to generate multi-

round questions and answers given an image caption, in a tone as if it could see the image 

(even though it only has access to the text). 
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Evaluation on downstream medical VQA datasets

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.
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Qualitative example of LLaVA-Med used for medical visual chat

Li et al. LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day. NeurIPS Datasets and Benchmarks 2023.
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Med-Gemini: state-of-the-art generalist biomedical VLM

- Also a generalist (broad domains) biomedical VLM like LLaVA-Med, but extends from 

the much more powerful Gemini models (and built by internal Google DeepMind 

team)

- SoTA (state-of-the-art) due to Gemini foundation and additional techniques for 

medical specialization Successor to Med-PaLM model 

based on previous Google PaLM 

family of models
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Med-Gemini: state-of-the-art generalist biomedical VLM

- Also a generalist (broad domains) biomedical VLM like LLaVA-Med, but extends from 

the much more powerful Gemini models (and built by internal Google DeepMind 

team)

- SoTA (state-of-the-art) due to Gemini foundation and additional techniques for 

medical specialization
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Med-Gemini: state-of-the-art generalist biomedical VLM

- Also a generalist (broad domains) biomedical VLM like LLaVA-Med, but extends from 

the much more powerful Gemini models (and built by internal Google DeepMind 

team)

- SoTA (state-of-the-art) due to Gemini foundation and additional techniques for 

medical specialization
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Self-training with web search integration

Med-Gemini is instruction-tuned in an iterative “fine-tuning 

loop” on MedQA medical exam questions (USMLE) using 

instructions that are generated leveraging intermediate Med-

Gemini models

Fine-tuning loop:

(1) Prompt Med-Gemini to generate chain-of-thought (CoT) i.e. 

step-by-step reasoning explanations to answer questions in 

fine-tuning dataset

(2) Additionally prompt Med-Gemini to generate relevant web 

search queries, whose results can be included in the input 

context for repeating (1)

(3) Score for correctness, and use filtered subset of CoTs to 

fine-tune Med-Gemini. The improved model can then be used 

to generated new, better CoTs.
Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Med-Gemini: SoTA generalist biomedical VLM

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Example of web search results 

relevant to a question
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Med-Gemini: SoTA generalist biomedical VLM

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Example of chain-of-thought leading 

to an answer
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Uncertainty-guided search at inference

Multi-step inference process loop:

1. Generate multiple CoT reasoning pathways 

to answer a question

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Uncertainty-guided search at inference

Multi-step inference process loop:

1. Generate multiple CoT reasoning pathways 

to answer a question

2. If these generally agree (using an entropy 

measure), the majority vote answer is final. 

If not, proceed to Steps 3 and 4.

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Uncertainty-guided search at inference

Multi-step inference process loop:

1. Generate multiple CoT reasoning pathways 

to answer a question

2. If these generally agree (using an entropy 

measure), the majority vote answer is final. 

If not, proceed to Steps 3 and 4.

3. Prompt Med-Gemini to generate 3 search 

queries whose results would help resolve 

the conflict produced by Step 1.

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Uncertainty-guided search at inference

Multi-step inference process loop:

1. Generate multiple CoT reasoning pathways 

to answer a question

2. If these generally agree (using an entropy 

measure), the majority vote answer is final. 

If not, proceed to Steps 3 and 4.

3. Prompt Med-Gemini to generate 3 search 

queries whose results would help resolve 

the conflict produced by Step 1.

4. Web results are retrieved and incorporated 

into the next iteration of Step 1.

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Med-Gemini: state-of-the-art generalist biomedical VLM

- Also a generalist (broad domains) biomedical VLM like LLaVA-Med, but extends from 

the much more powerful Gemini models (and built by internal Google DeepMind 

team)

- SoTA (state-of-the-art) due to Gemini foundation and additional techniques for 

medical specialization
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Further fine-tuning on a variety of benchmark datasets with custom 

instructions for each dataset (8 tasks across 6 datasets) 
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Further fine-tuning on a variety of benchmark datasets with custom 

instructions for each dataset (8 tasks across 6 datasets) 
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Further fine-tuning on a variety of benchmark datasets with custom 

instructions for each dataset (8 tasks across 6 datasets) 

New custom encoder 

for waveforms
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Med-Gemini: state-of-the-art generalist biomedical VLM

- Also a generalist (broad domains) biomedical VLM like LLaVA-Med, but extends from 

the much more powerful Gemini models (and built by internal Google DeepMind 

team)

- SoTA (state-of-the-art) due to Gemini foundation and additional techniques for 

medical specialization Specialized chain-of-thought 

prompting or two-step process to 

better handle long inputs 
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Example of recognizing events in a long surgical video

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Med-Gemini benchmarking

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Effect of web search in self-training loop

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Some interesting evaluation results (even though these are text-

only :))

Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Some interesting evaluation results (even though these are text-

only :))
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Saab et al. Capabilities of Gemini Models in Medicine. arXiv 2024.

Some interesting evaluation results (even though these are text-

only :))
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Specialist (narrower domain) 

biomedical VLMs
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CheXagent: VLM for CXR interpretation

Contributed an instruction tuning dataset, instruction-tuned model, and evaluation 

benchmark for CXR interpretation tasks spanning coarse-grained image understanding, 

fine-grained image understanding, question answering, text (report) generation, and 

other miscellaneous categories. 

Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.
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CheXagent: VLM for CXR interpretation

- CheXinstruct instruction-tuning dataset contains 6M instruction-image-answer 

triplets curated from across 34 tasks and 65 existing datasets

Chen et al. CheXagent: Towards a Foundation 
Model for Chest X-Ray Interpretation. arXiv 2024.
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CheXagent: VLM for CXR interpretation

- CheXagent model is based on the BLIP-2 architecture (one of the VLM models 

mentioned last lecture, under the “integrate visual features into input layer” 

category together with LLaVA (but LLaVA-1.5 generally outperforms BLIP-2))

Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.
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Evaluation on image perception tasks

Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.
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Evaluation on findings generation in reports

Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.

- Automated GPT-4 based evaluation, where GPT-4 is provided with a reference 

report, findings generated by CheXagent, and findings generated by comparison 

models, and prompted to select the report with the highest accuracy
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Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.

Evaluation on findings generation in reports: reader study 

(assessment by five radiologists)
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Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.

Evaluation on findings generation in reports: qualitative comparison 

of CheXagent with human physician report
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Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.

Evaluation on findings generation in reports: qualitative comparison 

of CheXagent with human physician report

Physician reports more frequently 

refer to past studies
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Example of fairness evaluation: subgroup performance comparison 

on cardiomegaly classification

Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.

Authors state 

caveat about 

limited sample 

sizes
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Example of fairness evaluation: subgroup performance comparison 

on cardiomegaly classification

Chen et al. CheXagent: Towards a Foundation Model for Chest X-Ray Interpretation. arXiv 2024.

Authors state 

caveat about 

limited sample 

sizes

Could be partially attributed to 

higher prevalence of 

cardiomegaly in older patients
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LLaVA-Rad: specialized CXR VLM that improves over CheXpert

Chaves et al. Towards a clinically accessible radiology multimodal model: open-access and lightweight, with automatic evaluation. arXiv 2024.

- Based on LLaVA (similar to 

LLaVA-Med), but trains from 

scratch (instead of fine-tuning 

LLaVA) since it uses a biomedical 

encoder (Biomed CLIP-CXR) 

instead of LLaVA’s CLIP encoder.

- Trains using 697K image-report 

pairs from a collection of datasets
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LLaVA-Rad: specialized CXR VLM that improves over CheXpert

Chaves et al. Towards a clinically accessible radiology multimodal model: open-access and lightweight, with automatic evaluation. arXiv 2024.

Outperforms LLaVA-Med, 

CheXagent, and GPT-4V, 

among other models (but 

probably not Med-Gemini)
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LLaVA-Rad: specialized CXR VLM that improves over CheXpert

Chaves et al. Towards a clinically accessible radiology multimodal model: open-access and lightweight, with automatic evaluation. arXiv 2024.

- Training and inference is 

reasonably fast:

- Training takes one day on an 

8xA100 server

- Inference can be run on 

single (older generation) 

GPUs
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PathChat: specialized VLM for pathology

Lu et al. A multimodal generative AI copilot for human pathology. Nature 2024.

Trained on over 450K instructions from pathology. Will cover further in the discussion 

presentations!
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μ-Bench: benchmarking VLMs on microscopy image interpretation 

tasks across scales 

Lozano et al. μ-Bench: A Vision-Language Benchmark for Microscopy Understanding. NeurIPS Datasets and Benchmarks 2024.

Evaluated proprietary and open-source VLMs on 22 biomedical tasks across various scientific disciplines (biology, 

pathology), microscopy modalities (electron, fluorescence, light), and scales (subcellular, cellular, tissue) 
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μ-Bench: benchmarking VLMs on microscopy image interpretation 

tasks across scales 

Lozano et al. μ-Bench: A Vision-Language Benchmark for Microscopy Understanding. NeurIPS Datasets and Benchmarks 2024.

GPT-4o still outperforms all other compared models, and non-specialist biomedical models often outperform 

specialist counterparts, suggesting room for improvement in how to leverage specialist domain data
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Today we covered

Examples of vision-language generative models in biomedicine:

- Generalist (broad domain) biomedical VLMs
- LLaVA-Med (open-source) and Med-Gemini (SoTA)

- Specialist biomedical VLMs: 
- CXR: CheXagent (earlier, though still 2024), LLaVA-Rad (improved)

- Pathology: PathChat

- Benchmarking VLMs across cell and tissue imaging domains: μ-Bench
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Next time

- A Deeper Dive into GPUs and Compute
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