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. Introduction

Background

% Traditional supervised image classifiers
- 2 QIO|HAIZ 7|8t = B E-Z pre-training (ResNet, VGGNet, EfficientNet, ...)
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x Data M‘Im‘ﬂg Baykal, E., Dogan, H., Ercin, M. E., Ersoz, S., & Ekinci, M. (2020). Transfer learning with pre-trained deep convolutional neural networks for serous cell classification.
..o Quality Anclytics  Multimedia Tools and Applications, 79(21), 15593-15611.
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+» Limitation(2)
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+» Limitation(3)
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CLIP (Contrastive Language-Image Pre-Training)

% Learning transferable visual models from natural language supervision (ICML 2021)
«  OpenAlOjA| 23, 2022H 58 17 7|&E 9913] Q&

«  Web-based image-text pairS 7|8t2 2 visual representation= At
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Learning Transferable Visual Models From Natural Language Supervision

Alec Radford ™' Jong Wook Kim "' Chris Hallacy ' Aditya Ramesh' Gabriel Goh' Sandhini Agarwal '
Girish Sastry! Amanda Askell | Pamela Mishkin' Jack Clark ' Gretchen Krueger ! Tlya Sutskever '

Abstract

SOTA computer vision systems are trained to pre-
dict a fixed set of predetermined object categories.
This restricted form of supervision limits their
generality and usability since additional labeled
data is needed to specify any other visual con-
cept. Learning directly from raw text about im-
ages is a promising alternative which leverages a
much broader source of supervision. We demon-
strate that the simple pre-training task of predict-
ing which caption goes with which image is an
efficient and scalable way to learn SOTA image
representations from scratch on a dataset of 400
million (image, text) pairs collected from the inter-
net. After pre-training, natural language is used to
reference learned visual concepts (or describe new
ones) enabling zero-shot transfer of the model to
downstream tasks. We study performance on over
30 different computer vision datasets, spanning
tasks such as OCR, action recognition in videos,
geo-localization, and many types of fine-grained
object classification. The model transfers non-
trivially to most tasks and is often competitive
with a fully supervised baseline without the need
for any dataset specific training. For instance, we
match the accuracy of the original ResNet50 on

ImageNet zero-shot without needing to use any of
the 1.28 million training examples it was trained

on. We release our code and pre-trained model

weights at https://github.com/OpenAL/CLIP.

interface (McCann et al., 2018; Radford et al., 2019; Raffel
etal., 2019) has enabled task-agnostic architectures to zero-
shot transfer to downstream datasets. Flagship systems like
GPT-3 (Brown et al., 2020) are now competitive across
many tasks with bespoke models while requiring little to no
dataset specific training data.

These results suggest that the aggregate supervision acces-
sible to modern pre-training methods within web-scale col-
lections of text surpasses that of high-quality crowd-labeled
NLP datasets. However, in other fields such as computer
vision it s still standard practice to pre-train models on
crowd-labeled datasets such as ImageNet (Deng et al., 2009).
Could scalable pre-training methods which learn directly
from web text result in a similar breakthrough in computer
vision? Prior work is encouraging.

Joulin et al. (2016) demonstrated that CNNs trained to pre-
dict words in image captions can learn representations com-
petitive with ImageNet training. Li et al. (2017) then ex-
tended this approach to predicting phrase n-grams in ad-
dition to individual words and demonstrated the ability of
their system to zero-shot transfer to other image classifi-
cation datasets. Adopting more recent architectures and
pre-training approaches, VirTex (Desai & Johnson, 2020),
ICMLM (Bulent Sariyildiz et al., 2020), and ConVIRT
(Zhang et al.. 2020) have recently demonstrated the po-
tential of transformer-based language modeling. masked
language modeling, and contrastive objectives to learn im-
age representations from text.

However, the aforementioned models still under-perform
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. CLIP (Contrastive Language-Image Pre-Training)
Approach

% Using Image-Text pair
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"A cat with tucked ears
and big eyes”

Visual representation + Semantic information

Visual representation
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. CLIP (Contrastive Language-Image Pre-Training)
Approach

% Creating a sufficiently large dataset
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. CLIP (Contrastive Language-Image Pre-Training)
Approach

% Selecting an efficient pre-training method
* Image-Text pairg AFE2t pre-training 7| &2 O FE EXY (ex. Image captioning)
o« JefL} B3 AO|=TF A, sk B OfF A[ZH0] 20 Hg X Y

Image captioning (Transformer-based)

"A cat with tucked ears and big eyes"

[‘cat’, “tucked", “ears”, "big", “eyes’]
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. CLIP (Contrastive Language-Image Pre-Training)
Approach

*

% Selecting an efficient pre-training method
XI5l

« 7|EQ|HAHLCT 28Xl contrastive learing= &-&310 pre-training £
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. CLIP (Contrastive Language-Image Pre-Training)
Approach

R/

% Selecting an efficient pre-training method
o 7|E9| HAEHLT 28Xl contrastive leamings X-&3}0] pre-training &Y
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"A cat with tucked ears
and big eyes”

X
“Puppy dog eyes”
“Wild brown bear”

Contrastive learning (Image-Image pair) Contrastive learning (Image-Text pair)
- Connecting Text and Images

Data Mining
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. CLIP (Contrastive Language-Image Pre-Training)
Methodology

R/

< Overview
1. Contrastive pre-training
2. Create dataset classifier from label text

3. Use for zero-shot prediction

1. Contrastive pre-training 2. Create dataset classifier from label text

aussie pup Encoder a photo of Text
a {object}. Encoder
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. CLIP (Contrastive Language-Image Pre-Training)
Methodology

1. Contrastive pre-training
«  HiX| E?[2 O|RO{TI N7H2| O|O|X|et HAES 22} QIGO0 SatA|A |IH|IE HE th=
» Image encoder : Modified ResNet / Vision Transformer

> Text encoder : Transformer

image_encoder - ResNet or Vision Transformer
text_encoder - CBOW or Text Transformer

I[n, h, w, ¢] - minibatch of aligned images
T[n, 1] - minibatch of aligned texts
W_i[d_i, d_e] - learned proj of image to embed
W_t[d_t, d_e] - learned proj of text to embed
t - learned temperature parameter

EESE -

Image
Encoder

xtract feature representations of each modality
image_encoder(I) #[n, d_i]
text_encoder(T) #[n, d_t]

—

e
_f
_f

oint multimodal embedding [n, d_e]
12_normalize(np.dot(I_f, W_i), axis=1)
12 _normalize(np.dot(T_f, W_t), axis=1)

ir — Iy ]
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_e

—

Text
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. CLIP (Contrastive Language-Image Pre-Training)
Methodology

1. Contrastive pre-training
«  O|0fX|2} HAE HEZIO| LA S Sdi DAL AL AL

=
.+ Pair0ll SHEBIX| 2 O|0JX| S HAEL M2 CH2CHs B} cross-entropy loss A1

T T2 Ts Tn # scaled pairwise cosine similarities [n, n]

logits = np.dot(I_e, T_e.T) * np.exp(t)
I I..T I.-T I.-T I.-T # symmetric loss function
! B = TN labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=8)

. . . . loss_t = cross_entropy_loss(logits, labels, axis=1)

Iz LT 1T I T2 Tn loss = (loss_i + loss_t)/2
I3 Izt Iz T, Po3iz I3 Ty .

i WY O[O|X|2| loss

softmax
Cc
: exp(l; - Tk) exp(l; - Tk)
= I(k =1) - —log=3 = —log =3
Iy Ity InT IyTs - IyTy =1 p=1 exp(li ’ Tp) p=1 eXp(Ii ’ Tp)
(1 if k=i .
TH= naci ; I(k=1i)= _ =1,..,N,i=1,..,N
2 N7H= positive pair 0 otherwise’ y s IV, y e
SN ¥
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. CLIP (Contrastive Language-Image Pre-Training)
Methodology

1. Contrastive pre-training
«  O|0fX|2} HAE HEZIO| LA S Sdi DAL AL AL

=
.+ Pair0ll SHESHX| 2 O|0JX| S HAEL M2 Ch2CHs B} cross-entropy loss A1

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)
I I..T I.-T I.-T . I.-T # symmetric loss function
! IR 28 RS TN labels = np.arange(n)
loss_i = cross_entropy_loss(logits, labels, axis=8)
. ) . . loss_t = cross_entropy_loss(logits, labels, axis=1)
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i A HIAE 9| oss
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C
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. CLIP (Contrastive Language-Image Pre-Training)

Methodology
1. Contrastive pre-training
«  O|0fX|2} HAE HEZIO| LA S Sdi DAL AL AL
Qf= O|0|K| B2 HIAE = MZ CHECH= 2H7|510f| cross-entropy loss Al 4t
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. CLIP (Contrastive Language-Image Pre-Training)
Methodology

2. Create dataset classifier from label text
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. CLIP (Contrastive Language-Image Pre-Training)
Methodology

3. Use for a zero-shot prediction
+  O|=otaax} ot= O|0|X| & <h5l O[0|X| QIR0 S1tA|74 O|0|X| RIH|E HEZL A=
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. CLIP (Contrastive Language-Image Pre-Training)
Experiments

/

% Zero-shot CLIP vs. Zero-shot image captioning

Zero-shot ImageNet Accuracy

40%

Image captioning
(Bag of Words-based)

20%

............ . 3x efficiency Image captioning
(Transformer-based)
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Images processed

> M2 HO[H2 7} =2 05 H=e

H0|H EE8X9 pre-training 7t

O.. Data Mining
ob Quality Analytics




. CLIP (Contrastive Language-Image Pre-Training)

Experiments

% Zero-shot CLIP vs. Fully supervised ResNet50

STL1O0
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Country211
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FGVCAircraft
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CLEVRCounts
GTSRB
PatchCamelyon
KITTI Distance
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IMAGENET

King Charles Spaniel (91.6%) Ranked 1out of 1000
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v aphoto of a king charles spaniel.
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Experiments
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% Zero-shot CLIP vs. Fully supervised ResNet50

STANFORD CARS

2012 Honda Accord Coupe (63.3%) Ranked 1out of 196

x apt

x apt
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v aphoto of a 2012 honda accord coupe.

1oto of a 2012 honda accord sedan
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. CLIP (Contrastive Language-Image Pre-Training)
Experiments

/

% Zero-shot CLIP vs. Fully supervised ResNet50
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. CLIP (Contrastive Language-Image Pre-Training)

Experiments

«» Robust on natural distribution shift

IMAGENET

DATASET RESNET101 CLIPVIT-L
i o
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ImageNet
r CEATY -
% g | ' \ Lol 0
: . =1 : — + 5.8%
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ImageNet V2

raesl - [
f ‘ ¥ - Q[ i e — +512%

ImageNet Rendition
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ObjectNet

S 1 A
. 4b A~ é — — + 35.0%
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ImageNet Sketch

— + 744%
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ImageNet Adversarial
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. Applications

Image classification

o0

» Content moderation
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. Applications

Image classification

% Object tracking
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. Applications

Image generation

% DALL-E 2
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- CLIP objective img
encoder
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. Applications

Image generation

“An astronaut riding a horse in a photorealistic style”
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. Applications

Image generation

% DALL-E 2

- HAE JHZ J|HIo R 0|0|X|2 YMsiF= O|0|X| ¥ ¥nelE

“An astronaut riding a horse as a pencil drawing”
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. Conclusion

Summary

% CLIP: Connecting Text and Images

[ Why? ]
* Fine-tuning®| B §i= ot 2 E
- O[O|X] =% H EE 2fo|2 W0 M2 Ho| E= 2 E

+  HIX|O3 HIo|H M 2 o8] diE HIO|HMNME E2 55 E0l= dd 22

[ How? ]
«  Web-based image-text pairE 7|2t2 £ visual representation=
- OHEo| gio|=3 0| Ea8l= HIo|HME 7|8te 2 Crefot FOtof| T3l st 7ts

[o] F
o =1

«  Contrastive leamning 7|2t pre-training= Sl 2% 0| HA| domain shift0f] 218t &h& 7ts
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