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Self-supervised and vision-language learning is everywhere now
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What will we cover?

Intended Learning Outcomes (ILOs)

• The student can present and explain the crucial works in the recent large-scale 

vision-language learning domain

• The student can explain the difference and commonalities between previous and 

recent vision-language approaches and self-supervised learning

• The student can describe in-context learning

• The student can interpret, critically analyse and judge scientific publications that 

combine pretrained language models with visual learning

• The student can apply and develop large language models via various API calls 

into their own code


Topics/Models

• GPT-2,3,4, ChatGPT

• MAE

• CLIP, LiT

• ALIGN, ClipCap

• BLIP, BLIP

• Socratic Models

• Flamingo

• FROMAGe

• Kosmos-1

• LAION, Conceptual Captions

• LoRA

• PGN
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Philosophy of these two lectures

There's a lot going on. 

This is not an exhaustive enumeration, but instead meant to showcase a number of 
important works that represent the different research directions. 

I've achieved my goal if after these two lectures you think:  
"combining self-supervised/vision-language learning is exciting and the lectures gave me  

ideas for my own future creative research ideas"

 
 

Note: if you wish to unleash your creative ideas, 
I will be offering some MSc projects in this direction this year.
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Self-supervised  
Pretraining
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Q: How does one learn without labels?

A: Need to generate a loss that provides gradients. 

 
We will focus on signals from

• Image uniqueness + augmentation invariance ("contrastive learning")

• Reconstruction (Masked Image Modelling)
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Modern Noise-contrastive self-supervised learning

Wu et al. Unsupervised Feature Learning via Non-Parametric Instance-level Discrimination. CVPR 2018 
Chen et al. A Simple Framework for Contrastive Learning of Visual Representations. ICML 2020

NPID

Enforces image-uniqueness and 

enforces augmentation-invariance

SimCLR
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How SimCLR works in detail

https://amitness.com/2020/03/illustrated-simclr/ 

Step 1 Step 2

• τ  is the adjustable temperature parameter. It can scale the inputs 
and widen the range [-1, 1] of cosine similarity

• ‖z_i‖ is the norm of the vector.

Step 3

Loss: relatively 
increase similarity for 
pairs, decrease rest

What happens if you only try to increase the diagonal?

https://amitness.com/2020/03/illustrated-simclr/
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Putting it into a loss function

Wu et al. Unsupervised Feature Learning via Non-Parametric Instance-level Discrimination. CVPR 2018 
Chen et al. A Simple Framework for Contrastive Learning of Visual Representations. ICML 2020

Enforces image-uniqueness and 

enforces augmentation-invariance

SimCLR

The contrastive loss for positive pairs i,j:

with  embeddings for images i  and j , 


 a temperature, sim() is the dot-product

zi, zj

τ

"non-parametric" softmax
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Language Modelling

https://thegradient.pub/understanding-evaluation-metrics-for-language-models/ 

https://thegradient.pub/understanding-evaluation-metrics-for-language-models/
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Language Modelling via next-word prediction

https://thegradient.pub/understanding-evaluation-metrics-for-language-models/ 
Radford et al. Improving Language Understanding by Generative Pre-Training . 2018


Why "erudite" is not a good guess Factor the probability of a datapoint: 

https://thegradient.pub/understanding-evaluation-metrics-for-language-models/
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Generative Pretrained Transformer (GPT)  
simply does language modelling with a Transformer (decoder)

Radford et al. Improving Language Understanding by Generative Pre-Training . 2018


U = (u_k, . . . , u_1) is the context vector of tokens,  
n is the number of layers,  
W_e is the token embedding matrix,  
W_p is the position embedding matrix 
 
in practice: "causal" (left-to-right) context via masking
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GPT-1,2,3: same loss. different training data and model sizes

https://towardsdatascience.com/how-chatgpt-works-the-models-behind-the-bot-1ce5fca96286 

GPT-1

117 million parameters

1.2 GB sized training dataset

Supervised finetuning afterwards

No release

https://towardsdatascience.com/how-chatgpt-works-the-models-behind-the-bot-1ce5fca96286
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GPT-3: "Language models are few-shot learners"

Brown et al. Language models are few-shot learners. NeurIPS 2020.

One emergent capability of large 
language models is in-context learning. 
 
Here, the "task" is defined within the 
language model's context, and the model 
picks up the task and solves it for the 
given sample both during a single 
forward pass

more on this later
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In-context Learning: benefitting from more examples in the input

Brown et al. Language models are few-shot learners. NeurIPS 2020.
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[btw: ChatGPT uses GPT-3 to then supervisedly finetune on human preferences 
& then learn these to enable reinforcement learning]

Ouyang et al. Training language models to follow instructions with human feedback. NeurIPS 2022. 
https://towardsdatascience.com/how-chatgpt-works-the-models-behind-the-bot-1ce5fca96286 

https://towardsdatascience.com/how-chatgpt-works-the-models-behind-the-bot-1ce5fca96286
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GPT-4

better. 
bigger.
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There's more language models! Llama / (Flan)-T5 etc.  
they are even open-source available and quite big! up to 65B params
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Masked Image Modelling ~ same, but instead of words use image patches

He et al. Masked Autoencoders Are Scalable Vision Learners. CVPR'21 
Xie et al. SimMIM: A Simple Framework for Masked Image Modeling. ArXiv 
Dosovitskiy et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. ICLR'21 
https://www.sbert.net/examples/unsupervised_learning/MLM

Vision Transformer

🤔
Something to think:

• Words present the "atoms" of masked language 

modelling and have individual meaning

• Yet image-patches do not carry an individual meaning

• The output of a language model is vast (from writing a 

joke to your assignments)

• The output of an image model is "just" pixels

• --> what is missing for vision models?
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Multi-modal  
Learning

+ captions/
thoughts?
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What modalities does Deep Learning (mostly) deal with?

Chen et al. A Simple Framework for Contrastive Learning of Visual Representations. ICML 2020

• Generally: anything on the internet

• Images 

• Text

• Speech audio

• LiDAR points

• 3D models

• ....


Multiple modalities

• Videos (RGB frames + audio + audio transcriptions if there's speech)

• Image-text (e.g. images with captions, images with alt text)

• ...
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What makes multi-modal learning interesting? e.g. vision-language

Text is like an "augmentation" / broader description The meaning depends on both modalities (rarer)
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Text can also be very detailed

Pont-Tuset et al. Connecting Vision and Language with Localized Narratives. ECCV 2020

850k images with such descriptions
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But really: the language part makes it very generaliseable

Chen et al. A Simple Framework for Contrastive Learning of Visual Representations. ICML 2020

Language is a very universal format for posing and solving tasks 

Language further has advantage of being human understandable

Language models are few-shot (in-context) learners
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CLIP from DL 1 Lecture 9 simply applies SimCLR across modalities

Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML 2020 
but also: Desai & Johnson VirTex: Learning Visual Representations from Textual Annotations. CVPR 2021 etc.

SimCLR CLIP: instead of augmentation, uses an image caption 
(the magic is in the training data)
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What you can do with CLIP: zero-shot classification

Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML 2020

https://colab.research.google.com/github/openai/clip/blob/master/notebooks/Interacting_with_CLIP.ipynb 

https://colab.research.google.com/github/openai/clip/blob/master/notebooks/Interacting_with_CLIP.ipynb
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When comparing pretrained image and language models, which one needs 
to adapt (more?)

Zhai et al. LiT: Zero-Shot Transfer with Locked-image text Tuning. CVPR 2022 
Dheghani et al. Scaling Vision Transformers to 22 Billion Parameters. 2023

With only requiring one 
forward pass for getting 
image embeddings, can 
combine this with using a 
22B parameter ViT

Locking the image model is better.
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Combining 
GPT and X
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CLIP is a vision-language model GPT-3 is a language model. So they can 
interact via language.

Zeng et al. Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. 2022

Image-captioning via: CLIP -> GPT-3 -> CLIP 

caption 1 
caption 2 

....
finally, pick the one CLIP prefers
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Using the knowledge inside GPT

Croitoru et al. TEACHTEXT: CrossModal Generalized Distillation for Text-Video Retrieval. ICCV 2021 Menon and Vondrick. Visual Classification via Description from Large Language Models. ICLR 2023

Step 1: ask GPT-3 for useful visual features

Step 2: use these features for CLIP
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More on combining models and calling language model APIs in the tutorial! 
How will you use GPT-3/4 to make something new?

Zeng et al. Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. 2022



32

Other text-image  
pretraining methods
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ALIGN: Scaling Up Visual and Vision-Language Representation Learning 
With Noisy Text Supervision

Jia et al. Scaling Up Visual and Vision-Language Representation Learning With Noisy Text Supervision. ICML 2021

Their innovation

• Filter based on images: 


• remove small ones, remove ones with >1k captions/alt texts

• Filter based on text:


• alt-text with >10 occurences are removes (e.g. 
"1920x10280")


• too short or too long, or too rare

• Result: dataset size ~2B (CLIP: 400M)

We train the model on 1024 Cloud TPUv3 cores with 16 positive pairs on 
each core. Therefore the total effective batch size is 16384.
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CoCa: Contrastive Captioners are Image-Text Foundation Models

Yu et al. Contrastive Captioners are Image-Text Foundation Models. TMLR 2022

Caption generation is 
autoregressive, starting 
from a [start] token works well

https://colab.research.google.com/github/mlfoundations/open_clip/blob/master/docs/Interacting_with_open_coca.ipynb
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ClipCap: CLIP Prefix for Image Captioning

Mokady et al. ClipCap: CLIP Prefix for Image Captioning. 2022

• Uses CLIP visual encoder, further transforms the visual 
embedding to match the input-space of GPT-2.


• GPT-2 kept frozen or adapted

• Trained for captioning

"Visual Language Model"
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ClipCap: CLIP Prefix for Image Captioning

Question 1: why didn't they use GPT3?

1) Likely it requires too many forward passes so it would be too expensive 
2) GPT-2 does the captioning job well enough, so no need for GPT-3 
3) It wouldn't work

Question 2: why is the transformer-adaptation (& freezing GPT-2) variant nice?

1) There's no catastrophic forgetting in the language model 
2) The language model can be made very efficient 
3) Transformers are faster than fully connected layers 
4) The number of parameters doesn't depend on the number of CLIP's visual output size
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BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-
Language Understanding and Generation

Li et al. BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language Understanding and Generation. ICML 2022 
https://huggingface.co/docs/transformers/model_doc/blip 

https://github.com/huggingface/notebooks/blob/main/examples/image_captioning_blip.ipynb

+ iterative data filtering and 
dataset expansion strategy 
by using synthetic captions 
(~text augmentation) as GT

ITC: Image-text contrastive learning 
ITM: Image-text binary matching (yes?/no?) 
LM: autoregressive captioning

https://huggingface.co/docs/transformers/model_doc/blip


38

BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-
Language Understanding and Generation

Li et al. BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language Understanding and Generation. ICML 2022 
https://huggingface.co/docs/transformers/model_doc/blip 

https://github.com/huggingface/notebooks/blob/main/examples/image_captioning_blip.ipynb

Text & image encoding & text decoder 
allows for more flexible applications:

Various usage modes: 
 
image-caption matching,  image-captioning 

https://huggingface.co/docs/transformers/model_doc/blip
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VQA

Aggrawal et al. VQA: visual question answering. ICCV 2015 
Goyal et al. Making the V in VQA Matter: Elevating the Role of Image Understanding in Visual Question Answering. CVPR 2017 
Das et al. Visual dialog. CVPR 2017

VisDial

Note: some questions could 
be answered without image


--> VQA-v2 (balanced 
images)
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Extending  
context and 
emergence
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BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image 
Encoders and Large Language Models

Li et al. BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models. 2023 
https://huggingface.co/docs/transformers/main/model_doc/blip-2 

https://github.com/NielsRogge/Transformers-Tutorials/blob/master/BLIP-2/Chat_with_BLIP_2.ipynb

Stage 1: train like BLIP

• Uses CLIP visual encoder, uses CLIP to 
annotate/clean dataset's captions


• uses OPT and FlanT5 language models

Stage 2: train for 
captioning with LLM

https://huggingface.co/docs/transformers/main/model_doc/blip-2
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FROMAGe: Grounding Language Models to Images for Multimodal Generation


Koh et al. Grounding Language Models to Images for Multimodal Generation. 2023

https://huggingface.co/spaces/jykoh/fromage

FROMAGe 
(Frozen Retrieval Over Multim
odal Data 
for Autoregressive Generation)

Reminder: catchy 
names matter!

Allowing the model to answer with an image: 
learn a [RET] token and add it to language 
model's library. 


Trained by appending it at end of caption.

2) image retrieval/contrastive re-id (like BLIP's ITC)
Training with 


1) captioning (like ClipCap)  

"Data length" augmentation: with 50% 
two samples are concatenated

adding multi-modal context helps 
for retrieving correct images
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Results

Koh et al. Grounding Language Models to Images for Multimodal Generation. 2023

+ more examples.  
What can your imagination come 
up with as tasks?
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Flamingo: a Visual Language Model for Few-Shot Learning

Alayrac et al. Flamingo: a Visual Language Model for Few-Shot Learning. NeurIPS 2022

• Uses sota frozen LLM, contrastive pretrained CNN

• Introduces zero-initted learnable attention blocks

• Trained on 43M webpages, each including <=5imgs, 

plus text + ALIGN's 1.8B text-image pairs + 27M 
videos


• Uses Perceiver (a transformer) to produced fixed 
context vision input size


• Very strong performance
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Frozen: Multimodal Few-Shot Learning with Frozen Language Models

Tsimpoukelli et al. Multimodal Few-Shot Learning with Frozen Language Models. NeurIPS 2021.

Method:
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In-context learning 
towards more useful systems

context matters



• Here, ICL is short for something like "open-ended vision-language few-shot evaluation"

• Open-ended: it needs to infer what it's supposed to do & what the answer style is. 

• Vision-language: it needs to process both the image & the text info

• Few-shot: few-shot samples "support set" are provided as input, along with the test sample

• "fast-binding": text & image are associated within the single forward pass
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Vision-language in-context learning (ICL)

Tsimpoukelli et al. Multimodal Few-Shot Learning with Frozen Language Models. NeurIPS 2021.
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Vision-language in-context learning (ICL) in Frozen

For ImageNet few-shot evaluation, 
using "dax" and "blicket" works 
better than using the real names 
of the animals/objects.

🤔

Not for their version of VQA: 
[but note the non-zero 
performance of blind models]



 
recommended read
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In-context learning emerges in LLMs with scale

Wei et al. Emergent Abilities of Large Language Models. TMLR 2022

• "An ability is emergent if it is not 
present in smaller models but is 
present in larger models."


• "Emergence is when quantitative 
changes in a system result in 
qualitative changes in behaviour"


• sort of a 0 to 1 change

• Why/how does it emerge?

• Some problems require 

memorising

• Also note: evaluation metrics only 

evaluate strict string matching 
(e.g. "A panda", vs. "A panda 
bear")


• But generally: ???
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In-context learning for vision-language models
• Models like Frozen, Flamingo, FROMAGe weren't explicitly trained for in-context learning.

• While Flamingo and CM3 were trained with websites, 


• in-context like samples might be frequent

• So these VL models obtain a significant (and useful part) of their ability from the language models

• --> studying language models (and related papers) useful!
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"Larger language models do in-context learning differently"

Wei et al. Larger language models do in-context learning differently. 2023

• Test abstraction & overring abilities

• ability seems to increase with scale

[google authors:]  
For this reason, we consider all GPT-3 models to be 
“small” models because they all behave similarly to 
each other this way.🔥🔥🔥🔥

...but they also write:

 this ability to override prior knowledge with input–
label mappings only appears in large models, we 
conclude that it is an emergent phenomena 
unlocked by model scaling (Wei et al., 2022b). 


soo 🤷 

https://emojipedia.org/fire/
https://emojipedia.org/fire/
https://emojipedia.org/fire/
https://emojipedia.org/fire/
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ICL as a learning-to-learn algorithm: 

Kirsch et al. General-Purpose In-Context Learning by Meta-Learning Transformers. 2022

Train this simple arch on MNIST

Performance on unseen data jumps when 
trained with sufficient diversity

Important is number of tasks & the 
transformer's state size (== memory), not 
parameter count

This learning-to-learn even generalises well 
to unseen datasets
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Another ability: 
Chain-of-thought reasoning
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Multimodal Chain-of-Thought Reasoning in Language Models

Wei et al. Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. NeurIPS 2022 
Kojima et al. Large Language Models are Zero-Shot Reasoners. NeurIPS 2022 
Wang et al. Self-consistency improves chain of thought reasoning in language models. ICLR 2023 
Zhang et al. Multimodal Chain-of-Thought Reasoning in Language Models. 2023

Chain-of-thought prompting for VL

• First generate rationale, then the answer (both 

supervised finetuning 🥱)

• "small" LLMs (ie not zero- or few-shot)

Chain-of-thought prompting for NLP

• Either few-shot 

• Or zero-shot by adding "let's think step by step"
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Vision-Language 
Datasets



56

LAION: Large-scale Artificial Intelligence Open Network

Use "dump of internet": 
Common Crawl

 
CLIP-based filtering ~90% 
removed, yielding ~6 billion

 
Further filtering of NSFW, 
watermarked images


Training dataset for generative 
models like Stable Diffusion

Schumann et al. LAION-5B: An open large-scale dataset for training next generation image-text models. NeurIPS-Data 2022 
https://arstechnica.com/information-technology/2022/09/artist-finds-private-medical-record-photos-in-popular-ai-training-data-set/
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Demo

 
https://rom1504.github.io/clip-retrieval 

https://rom1504.github.io/clip-retrieval
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Conceptual Captions (CC3M, CC12M)

Sharma et al. Conceptual Captions: A Cleaned, Hypernymed, Image Alt-text Dataset For Automatic Image Captioning. ACL 2016 
Changpinyo et al. Conceptual 12M: Pushing Web-Scale Image-Text Pre-Training To Recognize Long-Tail Visual Concepts. CVPR 2021

Clean based on: alt-text: 

* high unique word ratio covering various 

POS tags 

* remove ones with high rate of token 

repetition

* Capitalisation is good indicator

* Filter based on NSFW

* ... -> 3% remains

* further filtering with supervised image 

classifier

Finally: replace with hypernyms (e.g. 
"actor"), remove locations etc.
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Recap
Single-modal self-supervised pretraining methods (MAE, SimCLR, GPT) 

Multi-modal pretraining (CLIP, ALIGN, CoCa) 

Beyond contrastive (BLIP, ClipCap)

 
GPT + X (Socratic, TeachText) 
 
Longer context (FROMAGe, Frozen, Flamingo)

 
Tasks (VQA, VisDial)

 
In-context Learning (what is it, role of scale, other quirks)

 
Chain-of-thought reasoning (what is it, zero-shot, vs few-shot, multi-modal adaptation)  
 
Datasets (CC, LAION, issues)
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Adaptation of 
large models

You

Adaptation methods
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