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Vision Models



Computer

Teach computers to see



Computer

The key question is how to build 
discriminative visual representations

Teach computers to see



Image credit: Kaiming He.

Visual representations



Image credit: Kaiming He.

Visual representations



Zeiler and Fergus. Visualizing and Understanding Convolutional Networks. ECCV’14.

Visual representations

low-level 
features

mid-level 
features

high-level 
features



Deep neural network

Lecun et al. Deep learning. Nature’15.



Convolutional neural network

Krizhevsky et al. "Imagenet classification with deep convolutional neural networks." Advances in neural information processing systems 25 (2012).

- ReLU non-linearity 
- Feature normalization 
- Dropout 
- Data augmentation 
- Multi-GPU training



Deep residual network

He et al. "Deep residual learning for image recognition." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.

Problem: Deeper networks are difficult to train Solution: Residual connection



Vision Transformer

Dosovitskiy et al. “An image is worth 16x16 words: Transformers for image recognition at scale." arXiv preprint arXiv:2010.11929 (2020).



https://github.com/facebookresearch/detectron2



Language Models



Word representations (embeddings)

Pennington et al. "Glove: Global vectors for word representation." EMNLP. 2014.

Sentiment Analysis 

Machine Translation 

Text Summarization 

Email Filtering 

Chatbot 

etc.



Word2vec

Mikolov et al. "Efficient estimation of word representations in vector space." arXiv preprint arXiv:1301.3781 3781 (2013).

Predicts the 
current word 
based on the 
context

Predicts context 
words given the 
current word



https://www.tensorflow.org/text/tutorials/word2vec



Seq2seq

Sutskever et al. "Sequence to Sequence Learning with Neural Networks." arXiv preprint arXiv:1409.3215 (2014).

- Autoregressive 
- “Large” NN 
- “Large” datasets

Encoder-Decoder



GPT

<latexit sha1_base64="OoEHQ1e/K9X5aSbaGlRaqWUmoqA="></latexit>

max
✓

X

i

logP (ui|ui�k, ..., ui�1; ✓)

Next token Previous tokens Model parameters

“AI is the new”
Word Probability

a 0.000001

ah 0.000002

… …

elect 0.000022

electricity 0.03

… …

zip 0.000034

Language Model

Radford et al. “Improving language understanding by generative pre-training." (2018).

Autoregressive training (scaled up)

Transformer



GPT

Language Model

Radford et al. Language Models are Unsupervised Multitask Learners. 2019.

TL;DR

Too Long; Didn’t Read

Random baseline

Supervised

Zero-shot (autocomplete)



GPT

Language Model

Brown et al. Language Models are Few-Shot Learners. NeurIPS’20.

“Translate English into French: 
Hello => Bonjour 
Thank you => Merci 
Goodbye => Au revoir 
Excuse me => ___”

“À plus tard”

Good at X -> En

Few-shot in-context learning



Chain-of-thought prompting

Language Model

Wei et al. Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. NeurIPS’22.

Math

Commonsense reasoningSymbolic reasoning



Language Model

Kojima et al. Large Language Models are Zero-Shot Reasoners. NeurIPS’22.

Q: A juggler can juggle 16 balls. Half of the balls 
are golf balls, and half of the golf balls are blue. 
How many blue golf balls are there?

There are 16 balls in total. Half of the balls are golf 
balls. That means that there are 8 golf balls. Half 
of the golf balls are blue. That means that there 
are 4 blue golf balls.A: Let’s think step by step.

Significantly beats zero-shot

Manual CoT is still better

Zero-shot chain-of-thought prompting







Convergence of Vision and 
Language Models



A classifier trained to 
recognise horse images 
would not be able to 
recognise zebra, though 
the latter is just like horse 
but with black-and-white 
stripes

Traditional vision models struggle to generalize



Why traditional vision models struggle to generalize?
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p(y = 0|x) = exp(z0)
exp(z0)+exp(z1)+exp(z2)
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p(y = 1|x) = exp(z1)
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p(y = 2|x) = exp(z2)
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Each row in W can be viewed 
as a class prototype



Why traditional models struggle to generalize?
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There is no class prototype for tiger 

Need to re-train the model!

Each row in W can be viewed 
as a class prototype



Traditional models cannot 
handle open-vocabulary tasks

Image generated by OpenAI’s DALL-E



(Gu et al., 2022)

Need to connect images with text



Associate classes with auxiliary 
information like attributes, which 
encode distinguishing properties 
of objects

Early methods

Farhadi et al. Describing Objects by their Attributes. CVPR’09. 



Socher et al. ﻿Zero-Shot Learning Through Cross-Modal Transfer. NeurIPS’13. 

Associate images with semantic 
word vectors (i.e., word2vec)

Early methods



Ba et al. Predicting Deep Zero-Shot Convolutional Neural Networks using Textual Descriptions. ICCV’15. 

Learn a joint embedding space 
for images and text

Early methods



Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML’21.

Learn a joint embedding space 
for images and text, using large-
capacity models and web-scale 
datasets

Today’s methods
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Key idea: joint embedding space learning

cat sitting on the floor

cat laying down on the ground

a dog laying down with a 
bottle in mouth



Contrastive learning

Contrastive learning

Panda Hippo CamelTigerPig

The goal is to associate each image with the correct label

https://icml.cc/media/icml-2021/Slides/9193.pdf



Contrastive learning

Panda Hippo CamelTigerPig

Contrastive learning
Pull together matched pairs while push away unmatched pairs

Reduce pair-wise feature distance 
(equivalent to increasing feature similarity)

Increase pair-wise feature distance 
(equivalent to decreasing feature similarity)

https://icml.cc/media/icml-2021/Slides/9193.pdf



Architecture: image encoder

feature vector

ResNet50



Architecture: image encoder

feature vector
ViT



Architecture: text encoder

Embedding Layer

Transformer

a photo of a cat . <eot><sot>

a 0

word index word embedding

1

2

and

of

… … …

49,151<eot>

Vocabulary



Schuhmann et al. LAION-5B: An open large-scale dataset for training next generation image-text models. NeurIPS’22.

Data: LAION-5B



Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML’21.

Decrease feature similarity

Increase feature similarity

Contrastive Language-Image Pre-training (CLIP)
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Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML’21.

Zero-shot prompting



Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML’21.



Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML’21.



Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML’21.



Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML’21.



Why CLIP works?

2015 2021

- Scaling (model & data) 
- Transformer 
- Contrastive learning



Text prompts
A photo of a {dog}
A photo of a {cat}
A photo of a {bird}

…
A photo of a {tiger}

https://github.com/openai/CLIP/blob/main/notebooks/Prompt_Engineering_for_ImageNet.ipynb

Prompt engineering



Prompt engineering is hard

Zhou et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.



Fine-tuning is also hard

Zhou et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.

Linear probe

Fine-tuning CLIP’s 
image encoder

Optimizing 
transformation layer (text)

Optimizing bias (text)

CoOp

Performance Difference (∆) Compared to Zero-Shot CLIP 
-40 -30 0-10-20

-2.31

-39.90

+0.68

+2.75

+4.77

Overfitting! The model is too big

Partial fine-tuning seems working (but which parts?)

Prompt learning works the best!



Context Optimization (CoOp)

Zhou et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.



Why do prompt learning?

Zhou et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.

Gradient f

Object recognition Animal recognition Scene recognition

…

• Enjoys rich gradient information 

• Mitigates overfitting (few parameters) 

• Reduces storage cost (one per task or user)



Few-shot learning
• Works on diverse tasks (objects, animals, scenes, actions, etc.) 

• Significantly beats hand-crafted prompts (also needs labels for tuning)

CoOp vs. Zero-Shot CLIP
A

bs
ol

ut
e I

m
pr

ov
em

en
t (

%
)

sensitive to label noise in Food101

Zhou et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.



Domain generalization
• Train on one dataset but test on a 

different one with domain shifts 

• Still beats hand-crafted prompts 
despite being a learning-based 
approach

Zhou et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.



Interpretable? Not really

Finding 1: few are 
somewhat relevant

Finding 2: the whole 
prompt does not make 
much sense

Zhou et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.



Generalize beyond the training labels?

… only works for a subset 
of classes (overfitting)

Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



What is a good prompt?
• Contains instance-specific information 

• Pushes text features closer to image features

“A cat”

“A cat; lazy; lying on ground”

+ “lazy” 
+ “lying on ground”

CLIP similarity score: 0.2607 CLIP similarity score: 0.3030

Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Conditional Context Optimization (CoCoOp)

Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Key messages
1. Conditional prompt learning is more generalizable

Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Key messages
1. Conditional prompt learning is more generalizable 

2. Conditional prompt learning is more transferable

Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Key messages
1. Conditional prompt learning is more generalizable 

2. Conditional prompt learning is more transferable 

3. Conditional prompt learning is more robust

Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Key messages
1. Conditional prompt learning is more generalizable 

2. Conditional prompt learning is more transferable 

3. Conditional prompt learning is more robust 

4. Conditional prompt learning is very slow to train (batch_size=1)
3D prompt tensor: 
n_sentence x n_token x dim 

Zhou et al. "Conditional prompt learning for vision-language models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Multimodal prompt learning
• Idea: simultaneously adjust text and image features 

• Same performance but much faster training

Zang et al. "Unified vision and language prompt learning." arXiv preprint arXiv:2210.07225 (2022).



Have more compute? Do prompt search

Zhang et al. "Neural prompt search." IEEE Transactions on Pattern Analysis and Machine Intelligence (2024).



Take home messages
• VLMs largely reshaped the landscape of visual recognition 

• Deploying VLMs in the real world is a non-trivial problem 

• Prompt learning is a data-efficient adaptation method 

• Conditional prompt learning works better but is too slow 

• Multimodal prompt learning strikes a good balance between performance and speed 

• Do NAS to search for the best adaptation modules if more compute is available

Relevant prompting papers 

• Learning to Prompt for Vision-Language Models 

• Conditional Prompt Learning for Vision-Language Models 

• Unified Vision and Language Prompt Learning 

• Neural Prompt Search

Open-source code: https://github.com/KaiyangZhou/CoOp
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Open-Vocabulary Perception



Zang et al. "Open-vocabulary detr with conditional matching." European Conference on Computer Vision. 2022.



Zhou et al. "Extract free dense labels from clip." European Conference on Computer Vision. 2022.



3D Understanding and 
Generation



Zhu et al. "Pointclip v2: Prompting clip and gpt for powerful 3d open-world learning." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

reduces the domain gap



Hong et al. "AvatarCLIP: zero-shot text-driven generation and animation of 3D avatars." ACM Transactions on Graphics (TOG) 41.4 (2022): 1-19.



Generative Models and 
Creativity



Ramesh et al. Hierarchical Text-Conditional Image Generation with CLIP Latents.



Patashnik et al. StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery. ICCV'21.



Chen et al. "Text2light: Zero-shot text-driven hdr panorama generation." ACM Transactions on Graphics (TOG) 41.6 (2022): 1-16.



Recap
• History: 

• evolution of vision and language models, convergence to VLMs 

• Pre-training 

• contrastive learning, dual encoders, image-text pairs 

• Prompting 

• prompt engineering, prompt learning 

• Applications 

• open-vocabulary perception, 3D, GenAI


