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Contrastive Language-Image Pre-training

Contrastive pre-training Zero-shot prediction
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• Contrastive pre-training

◦ Train an image encoder and a text encoder to predict the correct pairings 

of a batch of (image, text) training examples.

Contrastive pre-training
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• Contrastive pre-training

◦ Dataset: construct a new dataset of 400 million (image, text) pairs.

◦ Text encoder:  a text transformer (63M parameters)

◦ Image encoder: 5 ResNets (ResNet-50, ResNet-101, RN50x4, RN50x16, 

RN50x64) and 3 vision transformer (ViT-B/32, ViT-B/16, ViT-L/14)

◦ 32 epochs /32768 batch size

RN50X64: 18days (592 V100)

ViT-L/14: 12days (256 V100)

ViT-L/14@336
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• Zero-shot prediction:

◦ The learned text encoder synthesizes a zero-shot linear classifier by 

embedding the names or descriptions of the target dataset’s classes. 

Zero-shot prediction

Prompt 
template

↑3.5%

↑1.3%
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Experiments
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• This is not a fair comparison

◦ Dataset: 10x larger

◦ Vision model: 100x more compute per prediction, use a transformer-

based model.



Zero-shot Learning
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General tasks

Specialized, complex, 
abstract tasks



Few-shot Learning
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Representation Learning
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Robust to distribution shift
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Limitations



Framework of CLIP

15

The performance of zero-shot CLIP is on average competitive with 
the simple supervised baseline, not SOTA.

The performance of zero-shot CLIP is still quite weak on several 
kinds of tasks, such as fine-grained classification.

The zero-shot CLIP generalizes poorly to data that is truly out-of-
distribution for it, such as MNIST.

CLIP is still limited to choosing from only those concepts in a given 
zero-shot classifier.
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• Pre-training of CV

◦ Supervised Learning

◦ Self-supervised Learning: MOCO/SimCLR, MAE/BeiT

The pre-training model still needs supervised fine-tuning when 
transferring to downstream tasks, and cannot achieve zero-shot.

• Pre-training of NLP

◦ Task-agnostic objectives: autoregressive and masked language modeling.

◦ Zero-shot transfer to downstream datasets.

Could scalable pre-training methods which learn directly from web 
text result in a similar breakthrough in computer vision ?
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• Natural language supervision

◦ Visual N-grams: zero-shot transfer [Li et al., ICCV’17]

◦ VirTex: transform-based language modeling [Desai & Johnson et al., ICCV’21]

◦ ICMLM: masked-language modeling [Bulent Sariyildiz et al., ECCV’20]

◦ ConVIRT: contrastive objectives [Zhang et al., arXiv’20]

• Natural language weak supervision

◦ BiT: [Kolesnikov et al., ECCV’20]

◦ ViT: [Dosovitskiy et al., ICCV’21]
JFT-300M/18291 classes

A crucial difference between these weakly supervised models
and recent explorations of learning image representations

directly from natural language is scale.
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Application
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Patashnik et al. StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery. ICCV, 2021
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Patashnik et al. StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery. ICCV, 2021

a man a handsome man a blonde man
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Frans et al. CLIPDram: Exploring Text-to-Drawing Synthesis through Language-Image 
Encoders. arXiv, 2021
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Contrastive Language-Image Forensic Search

A truck with the text “odwalla” A white BMW car

A bicyclist with a blue shirt A blue SMART car



Thanks!


