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Announcements

- Detailed project instructions are now posted on the course website

- See the end of the project instructions document for example project ideas

- Project proposal is due Wed Oct 23

- A1 is due Wed Oct 16
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Finishing up from last lecture:

Vision-Language Representation Learners
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Language Supervision is not New

VirTex (Desai, Johnson 2020)

Image-conditioned Bi-directional Next Token Prediction
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Language Supervision is not New

ConVIRT (Zhang et al. 2020)

Contrastive Learning of Medical Visual Representations from Paired Images and Text
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Language Supervision is not New

ICMLM (Sariyildiz et al. 2020)

Image-conditioned masked language modeling
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Why CLIP Achieves Such Success

➢ Transferability: 

➢ Bridging Vision and Language

➢ Scalability: 

➢ Large-Scale Pretraining on 400M Data

➢ Simplicity: 

➢ Contrastive Learning Enables the Large-Scale Pre-Training
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Understanding the Embedding Space of CLIP

Modality Gap (Zhang et al. 2022)

Modality Gap Phenomenon: Paired text embeddings and visual embeddings are not exactly matched 
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Understanding the Embedding Space of CLIP

Modality Gap (Zhang et al. 2022)

Cone Effect: General Phenomenon for Any Deep Neural Network



Serena Yeung-Levy 

Xiaohan Wang
BIODS 276: Adv. Topics in CV and Biomedicine Lecture 6 - 10

Understanding the Embedding Space of CLIP

Modality Gap (Zhang et al. 2022)

Two encoders produce two cones
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Understanding the Embedding Space of CLIP

Modality Gap (Zhang et al. 2022)

Contrastive Learning Preserves the Gap
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Contrastive Learning with Noisy Text Supervision

ALIGN (Jia et al. 2021)

1.8B image-text pairs
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Contrastive Learning with Noisy Text Supervision

ALIGN (Jia et al. 2021)

Comparable Performance with CLIP on ImageNet 
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How to Reproduce CLIP?

OpenCLIP (Cherti et al. 2022)

➢ Data: Open large-scale datasets LAION-400M/2B

➢ Model: 

➢ Same transformers as CLIP: ViT-B/32, ViT-B/16, ViT-L/14

➢ Even larger transformers: ViT-H/14 and ViT-G/14

➢ Compute: up to 1520 NVIDIA A100 GPUs
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How to Reproduce CLIP?

OpenCLIP (Cherti et al. 2022)
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How to Improve CLIP?

DFN (Fang et al. 2023)

Larger and Better Data
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How to Improve CLIP?

DFN (Fang et al. 2023)
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How to Improve CLIP?

SigLIP (Zhai et al. 2023)

Modified Loss Function to 

decouples the batch size 

from the comparison

Larger Data: WebLI 10B/12B
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How to Improve CLIP?

SigLIP (Zhai et al. 2023)

The best CLIP model

2024/10
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How to Improve CLIP?

CoOp (Zhou et al. 2021)

Prompt Engineering vs Context Optimization
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How to Improve CLIP?

CoOp (Zhou et al. 2021)

Learning to prompt for few-shot classification 
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How to Improve CLIP?

CoOp (Zhou et al. 2021)
CoOp effectively turns CLIP into a strong few-shot learner

M denotes the context length. “end” 

or “mid” means putting the class 

token in the end or middle. CSC 

means class-specific context.
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Apply CLIP to Different Tasks

ViLD (Gu et al. 2022)

Open-Vocabulary Object Detection
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Apply CLIP to Different Tasks

ViLD (Gu et al. 2022)

Open-Vocabulary Object Detection 4.8% ↑
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Apply CLIP to Different Tasks

ZegCLIP (Zhou et al. 2021)
CLIP for Zero-shot Semantic Segmentation
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Apply CLIP to Different Tasks

ZegCLIP (Zhou et al. 2021)

CLIP for Zero-shot Semantic Segmentation 5.3% ↑
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Apply CLIP to Different Tasks

CLIP4Clip (Luo et al. 2021)

CLIP for Video Retrieval
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Apply CLIP to Different Tasks

CLIP4Clip (Luo et al. 2021)

CLIP for Video Retrieval 20.1% ↑
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Apply CLIP to Different Tasks

DALL-E 2 (Ramesh et al. 2022)

Hierarchical Text-Conditional Image Generation with CLIP Latents
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Apply CLIP to Different Tasks

DALL-E 2 (Ramesh et al. 2022) Hierarchical Text-Conditional Image Generation with CLIP Latents

Lecture 7
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Apply CLIP to Different Tasks

Meta MovieGen 2024

Text input summary: A red-faced monkey with white fur is bathing in a natural hot 
spring. The monkey is playing in the water with a miniature sail ship in front of it, 
made of wood with a white sail and a small rudder. The hot spring is surrounded by 
lush greenery, with rocks and trees.
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Apply CLIP to Different Tasks

PILP (Huang et al. 2023)
Fine-tuning CLIP on Pathology Image-Text Pairs

Lecture 6
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Apply CLIP to Different Tasks

LLaVA (Liu et al. 2023)

Visual Instruction Tuning

CLIP Visual Encoder

Lecture 9
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Apply CLIP to Different Tasks

DreamField (Jain et al. 2022)

CLIP for Zero-shot 3D Object Generation
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Region-based CLIP

GLIP (Li et al. 2022)
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Region-based CLIP

GLIP (Li et al. 2022)
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Assembling Open-World Models for 
Diverse Visual Tasks

Grounded SAM (Ren et al. 2022)
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Assembling Open-World Models for 
Diverse Visual Tasks

Grounded SAM (Ren et al. 2022)
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Next:

Vision-Language Representation Learners in 

Biomedicine
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Early work on vision-language representation learning in radiology

- ConVIRT performed contrastive learning on radiology image-report pairs. It was 

inspired by SimCLR, and was a precursor to CLIP.

Zhang et al. Contrastive Learning of Medical Visual Representations from Paired Images and Text. MLHC 2022.
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Early work on vision-language representation learning in radiology

- ConVIRT performed contrastive learning on radiology image-report pairs. It was 

inspired by SimCLR, and was a precursor to CLIP.

Zhang et al. Contrastive Learning of Medical Visual Representations from Paired Images and Text. MLHC 2022.

Used nonlinear projection 

heads as in SimCLR, that 

CLIP removed
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Early work on vision-language representation learning in radiology

- ConVIRT trained on MIMIC-CXR (~217K image-text pairs), with random sampling 

of sentences from radiology reports. Outperformed image-only self-supervised 

learning from MIMIC-CXR for downstream classification and retrieval tasks.

Zhang et al. Contrastive Learning of Medical Visual Representations from Paired Images and Text. MLHC 2022.
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CheXzero: leveraged CLIP to improve on ConVIRT and 

demonstrate zero-shot capabilities

- Compared to ConVIRT, updated to the same architecture as CLIP (better encoders, no 

nonlinear projection) as well as CLIP-pretrained weights.

- Also used the “impressions” section of the radiology report instead of ConVIRT sampling. 

Tiu et al. Expert-level detection of pathologies from unannotated chest X-ray images via self-supervised learning. Nature Biomedical Engineering, 2022.
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CheXzero: leveraged CLIP to improve on ConVIRT and 

demonstrate zero-shot capabilities

Tiu et al. Expert-level detection of pathologies from unannotated chest X-ray images via self-supervised learning. Nature Biomedical Engineering, 2022.

Comparison with other supervised 

and self-supervised approaches on 

the CheXpert test dataset
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PLIP: vision-language foundation model for pathology trained from 

Twitter 

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

- Curated and trained on OpenPath: 208,414 image-text pairs scraped from the 

Internet, mostly from Twitter
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Zero-shot classification using PLIP 

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

Huang et al. A visual–language foundation model for pathology image analysis using medical Twitter. Nature Medicine, 2023.
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Quilt-1M: expanding pathology vision-language training data using 

YouTube

Ikezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurIPS 2023 Datasets & Benchmarks.
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An LLM was used to process noisy speech transcription into 

corrected and structured texts for CLIP training 

Ikezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurIPS 2023 Datasets & Benchmarks.
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Example of input narration with corresponding medical and ROI text

Ikezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurIPS 2023 Datasets & Benchmarks.
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Quilt-1M dataset 

characteristics

Ikezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurIPS 2023 Datasets & Benchmarks.
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Performance of QuiltNet vs baselines on zero-shot classification 

tasks

Ikezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurIPS 2023 Datasets & Benchmarks.
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MONET: Leveraging a contrastively trained model to perform 

dataset and model auditing

Kim et al. Transparent medical image AI via an image–text foundation model grounded in medical literature. Nature Medicine, 2024.

- Trained on 105,550 dermatology image-text pairs from PubMed articles and 

medical textbooks
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Kim et al. Transparent medical image AI via an image–text foundation model grounded in medical literature. Nature Medicine, 2024.

MONET: Leveraging a contrastively trained model to perform 

dataset and model auditing
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Concept differences 

identified by MONET 

during data auditing 

Kim et al. Transparent medical image AI via an image–text foundation model grounded in medical literature. Nature Medicine, 2024.
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Concept differences 

identified by MONET 

during model auditing 

Kim et al. Transparent medical image AI via an image–text foundation model grounded in medical literature. Nature Medicine, 2024.
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EchoCLIP: Based on 

1,032,975 video-text pairs 

(but trained on images) for 

echocardiogram 

interpretation

Christensen et al. Vision–language foundation model for echocardiogram interpretation. Nature Medicine, 2024.

Some more examples of CLIP-based foundation models…
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CT-CLIP: trained on 

50,188 3D chest CT 

volumes with 

accompanying reports, 

using a previously 
developed 3D image 

encoder

Hamamci et al. A foundation model utilizing chest CT volumes and radiology reports for supervised -level zero-shot detection of abnormalities. arXiv, 2024.

Some more examples of CLIP-based foundation models…
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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.

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

PMC-15M statistics of image sizes and caption lengths
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Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.

BiomedCLIP comparison with baseline methods on cross-modal retrieval
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Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.

BiomedCLIP 

comparison with 

baseline methods on 

zero-shot classification 

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

BiomedCLIP 

comparison with 

baseline methods on 

medical visual 

question answering 

(VQA)
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Koleilat et al. MedCLIP-SAM: Bridging Text and Image Towards Universal Medical Image Segmentation. MICCAI, 2024.

Combining biomedical CLIP models with SAM

- Approaches such as MedCLIP-SAM can perform zero-shot and weakly 

supervised segmentation
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Next time

- Vision Diffusion and Generative Models
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