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AN IMAGE IS WORTH 16X16 WORDS:

TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Alexey Dosovitskiy"", Lucas Beyer*, Alexander Kolesnikov*, Dirk Weissenborn*,
Xiaohua Zhai*, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer,
Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby*'!
*equal technical contribution, 'equal advising
Google Research, Brain Team
{adosovitskiy, neilhoulsby}@google.com

ABSTRACT

While the Transformer architecture has become the de-facto standard for natural
language processing tasks, its applications to computer vision remain limited. In
vision, attention is either applied in conjunction with convolutional networks, or
used to replace certain components of convolutional networks while keeping their
overall structure in place. We show that this reliance on CNNs is not necessary
and a pure transformer applied directly to sequences of image patches can perform
very well on image classification tasks. When pre-trained on large amounts of
data and transferred to multiple mid-sized or small image recognition benchmarks
(ImageNet, CIFAR-100, VTAB, etc.), Vision Transformer (ViT) attains excellent
results compared to state-of-the-art convolutional networks while requiring sub-
stantially fewer computational resources to train.'

https://arxiv.ora/pdf/2010.11929.pdf
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ChatGPT can
NOW See, heatr,
and Speak 2023/09/25

We are beginning to roll out new voice and
iImage capabilities in ChatGPT. They offer a
new, more intuitive type of interface by
allowing you to have a voice conversation or
show ChatGPT what you're talking about.

https://openai.com/blog/chatgpt-can-now-see-hear-and-speak
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Windows Sliding

OverFeat: Integrated Recognition,
Localization and Detection using
Convolutional Networks

Pierre Sermanet et al.
https://arxiv.org/pdf/1312.6229.pdf

20145


https://arxiv.org/pdf/1312.6229.pdf

|
,--flllﬂ]lj.

_
i
,
f

iy (2

e L

Rm m ﬁ_r_

[ DS r!!!lﬁ

& /S NE

| ! f.il!E!,
[

.l.
e

# -~
-4
=
.‘. 1

FBMEZHNT S,

=

DR/ BRI VARV ERTARSELGA D,
BB EIZATOIMNDITREZF D]



NoDFROEGBEIL. E3ETTEHRALI-AET
A ESEHBIENTES,



M \
||
-
l.(.
W lll * rlul llllllillll)
41 3 (133 .
. c“.
¥ '

w220 L4 fun'u

> ,‘ 3.
7 o~

FLTCEIGHET. 894 F DT ERATOIRD
SIERT—ILETRIT S,




NoDEFRRVIRIETT—IIN,
DA T OMIEBEIND,




LL

BHA T IRDHEE




CAT? NO

DOG? NO

CAT? YES!

DOG? NO

CAT? NO

DOG? NO
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DOG, (X, Yy, W, h)
CAT, (x,y,w, h)

= 8 numbers
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CAT, DOG, DUCK

DOG, (X, Yy, w, h)
CAT, (x,y,w, h)

= 8 numbers

DOG, (x, Yy, w, h)
CAT, (X, vy, w, h)

= 8 numbers






éAT (X,VY,w, h)

= many numbers
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Semantic Segmentationé&
Instance Segmentation

® Semantic Segmentation
@ ETHDEVLILIZSNILEDITS,
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Instance Segmentation

person




Semantic Segmentation

Extract
patch

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 13- 25 24 Feb 2016




Semantic Segmentation

Extract Run through
patch a CNN

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 13- 26 24 Feb 2016




Semantic Segmentation

Extract Run through Classify
patch a CNN center pixel

CNN —» COW

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 13- 27 24 Feb 2016




Semantic Segmentation

Extract Run through Classify
patch a CNN center pixel

= —» CNN —= COW
Repeat for
every pixel

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 13- 28 24 Feb 2016




Faster R-CNN:

classifier

propoy /
Region Proposal Network ‘
NN
) V4
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v e

Insert a Region Proposal
Network (RPN) after the last
convolutional layer

RPN trained to produce region
proposals directly; no need for
external region proposals!

After RPN, use Rol Pooling and an
upstream classifier and bbox
regressor just like Fast R-CNN

Ren et al, “Faster R-CNN: Towards Real-Time Object
Detection with Region Proposal Networks™, NIPS 2015

Slide credit: Ross Girschick

R-CNN(RIZ. Recurrent®RTIE %K,
Region Proposal Network@RT#H %)
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"Neural machine translation by jointly learning to
align and translate”

https://arxiv.org/pdf/1409.0473.pdf
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Neural machine translation by jointly
learning to align and translate

Bahdanau, D., Cho, K., and Bengio, Y

https://arxiv.org/pdf/1409.0473.pdf

2016%
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Google’s Neural Machine Translation

Sys

tem: Bridging the Gap between

Human and Machine Translation

Yonghui Wu et al.

https://arxiv.org/pdf/1609.08144. pdf
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"Show, Attend and Tell: Neural Image Caption
Generation with Visual Attention"

http://arxiv.org/pdf/1502.03044v2.pdf
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Show, Attend and Tell:
Neural Image Caption Generation
with Visual Attention

Kelvin Xu, Bengio et al.

http://arxiv.org/pdf/1502.03044v2.pdf

2015%
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L. Input 2. Convolutional 3. RNN with attention 4. Word by

Image Feature Extraction over the image word
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A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor.

LYy

E R St f-caption

A stop sign is on a road with a
mountain in the background.



TEEATS

A little girl sitting on a bed with A group of Eeogle sitting on a boat
a teddy bear. in the water.

LYy

E i S t=caption

A giraffe standing in a forest with
trees in the background.
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Caption® 5 B3l

A woman holding a clock in her hand.

CaptionD KB IE. 3ED
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A man wearing a hat and
a hat on a skateboard.




Caption® & Bl

A person is standing on a beach A woman is sitting at a table

with a surfboard. with a large pizza.
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A man is talking on his cell phone
while another man watches.
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Vision Transformer &lX{a[H ?
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AN IMAGE IS WORTH 16X16 WORDS:
RANSFORMERS FOR IMAGE
RECOGNITION AT SCALE

Alexey Dosovitskiy, Neil Houlsby et al.

https://arxiv.org/pdf/2010.11929.pdf
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Attention Map
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A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor.

A stop sign is on a road with a A giraffe standing in a forest with
mountain in the background. trees in the background.
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End-to-End Object Detection with Transformers

Carion et al. 2020
https://arxiv.org/abs/2005.12872
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CLIP: Connecting text and images
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Food101
comect rank: 1/101 _correct probabilfty: 90.15%

cormect labek: guacamole

photo of ceviche, a ty pe of food.

photo of edamame, a type of food.

photo of tuna tartare, a type of food.

2 photo of hummus, a type of food.

PatchCamelyon (PCam)
cormrect label: healthy lymph node tissue  correct rank: 2/2 correct probabllity: 22 81%

to of healthy lymph node tissue

0 20 @ 60 80 100

Facial Emotion Recognition 2013 (FER2013)
correct label: angry

comect rank: /7 correct probabllty: 8.16%

of a neutral looking face.

oto of a surprised looking face.

oto of a fearful looking face.

oto of a angry looking face.

0 20 0 &0 80 100
Oxford-IlIT Pets

correct label: Maine Coon comect rank: 1/37  correct probabiity: 99.99%

s photoofs persan, atype of pet

2 phota ofa ragdol, a type of pet

2 photo ofa brman, atype of pet

3 phota ofa siamese, a type of pet

Country211
comect rank: 5/211 _correct probablity: 3.92%

ook In french guiana.

hoto | took in gabon.

photo | took in cambodia.

photo | took in guyana.

photo | took in belize.

SUN397
correct rank: /397 _correct probabllity: 90.22%

Youtube-BB
correct label(s}: airplane, person correct rank: 1/23  cormect probability: 88.98%

comect label: television studio
~

photo of a podium Indoor.

photo of a conference room.

P photo of a lecture oom.

photo of a control room.

[ 20

ImageNet-A (Adversarial)

correct label: lynx comect rank: 5200 correct probability: 4.18%
R

photo of a bird.

photo of a bear.

photo of a giraffe.

photo of a car.

CIFAR-10

correct label: bird correct rank: /10 correct probability: 40.86%

hoto of a frog.

oto of a dog.

trank: 1/102 comrect probability: 99.81%

oto of a gerenuk.

/

a photo of a person soccer penalty.

2 photo of a person table tennis shot.

CIFAR-100
correct rank: /100 correct probability: 38.02%

correct label: snake

hoto of a sweet pepper.

hoto of a flatfish.

RESISCA5
comect rank: /45 comect probability: 96.39%

satellite imagery of church.

atellite Imagery of medium residential.

satellite imagery of chaparmal.

g 1

oto of a emu.

a photo of a wild cat.

a photo of a scorpion.
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ImageNetV2 Matched Frequency
correct Iabel: beer bottle

comrect rank: /1000 correct probability: 88.27%

photo of 3 pirate ship.

photo of a chocolate syrup.

photo of a product packet / packaging.

photo of a wine bottle.

) ) 40 50 ) 100
Stanford Cars
correct label: 2012 Honda Accord Coupe comect rank: 1/196  cormrect probability: 63.30%

photo of 3 2012 3cura tsx sedan

EuroSAT
comect rank: 4/10 _correct probability: 12.90%

comect label: annual crop 1and

of permanent cop fand

satelite phow of pasture kand

steite phow of highway or road.

red s3tefite photo of annual cop fand

ered satefite phow of brushiand or shrubland.

CLEVR Count
correct rank 2/8 comrect probabllity: 17.11%

photo of § objects.

photo of 6 objects.

photo of 10 objects.

0 20 0 @ 80 100

ImageNet-R (Rendition)
comect label: Siberian Husky

comect rank: 1/200 _correct probabiity: 76.02%

0 of a german shepherd dog.

photo of a border collle.

photo of a rottweiler.

FGVC Aircraft

correct label: Boeing 717 cormrect rank: 2/100 correct probabllity: 9.91%

B1as ma.90. 3 type of aireratt.

00f 3 boeing 717, 3 type of aircratt

o of a tokier 100, 3 type of aircratt.

o of 3 mescanait dougias c5:30. 3 type of it

stoel a boeng 727:200, 3 type o arcat.

correct label: kennel indoor

comect rank: /723 _comect probabity: 98.63%

b photo of a kennel outdoor.

a photo of a jall cell.

a photo of a jail Indoor.

2 photo of a veterinarians office.
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(1) Contrastive pre-training

(1) Contrastive pre-training
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(2) Create dataset classifier from label text
(3) Use for zero-shot prediction

(2) Create dataset classifier from label text
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Natural Language Supervision
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Food101 SUN397 Youtube-BB EuroSAT
cofmect label: guacamole comect rank: 1/101  cormrect probability: 90.15% comect label: television studio correct rank: 1/397 correct probability: 90.22% correct label(s): airplane,person correct rank: 1/23  cormect probability: 88.98% cormrect label: annual crop land comect rank: 4/10 correct probability: 12.90%
~

. of permanent cop fand

photo of a bird,

photo of ceviche, a ty pe of food. photo of a podium Indoor. satelite photo of pasture kand.

photo of edamame, a type of food. photo of a conference oom. photo of a bear. mtelite phow of highway or rasd.

photo of tuna tartare, a type of food. b photo of a lecture oom. photo of a giraffe. red satelite phow of annual cop fand

photo of a car. ered satefite phot of brushiand or shrubland

2 photo of hummus, a type of food. photo of a control mom.

80 100 9 20 P 80 100 20 60 ) 20 « @ 40
PatchCamelyon (PCam) Imag eNet-A (Adversarial) CIFAR-10 CLEVR Count
correct label: healthy lymph node tissue  correct rank: 2/2 correct probabllity: 22 81% correct label: lynx correct rank: 5/200 comrect probability: 4.18% correct labet: bird correct rank: 1/10  correct probability: 40.86% correct label: 4 correct rank 2/8 correct probabllity: 17.11%

oto of healthy lymph node tissue

photo of § objects.

photo of 6 objects.

photo of 10 objects.
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Facial Emotion Recognition 2013 (FER2013) ImageNet-R (Rendition)
comect label: angry : 51 ; comect labek: Siberian Husky corect rank: /200 _comrect probablity: 76.02%

i T — 2ty

oto of a fearful looking face. J : a photo of a person soccer penalty.

0 of a german shepherd dog.

photo of a border collie.

oto of a angry looking face. 2 photo of a person table tennis shot. photo of a rottweiler.

2 ) 50 ) ] 20 ) P 80
Oxford-IlIT Pets CIFAR-100 ImageNetV2 Matched Frequency FGVC Aircraft
correct label: Maine Coon comrect rank: 1/37 _ correct probablity: 99.99% correct label: snake correct rank: /100 _correct probability: 38.02% correct label: beer bottle correct rank: 1/1000 correct probability: 88.27% correct label: Boeing 717 corect rank: 2/100 _ correct probabllity: 9.91%

blas ma.90, 3 type of aircra.

s phatoofs persan, atype of pet hoto of a sweet pepper. photo of 3 pirate ship. 00  boeing 717, 3 type of aircrat.

2 phota ofa ragdol, a type of pet hoto of a flatfish. photo of a chocolate syrup. boof 2 tocer 100, 3 type of arerat.

photo of a product packet / packaging.

2 photo ofa brman, atype of pet o of 3 mescanait dougias c5:30. 3 type of it

2 photo of 2 siamese, 3 type of pet. Iphoto of a lizard. photo of a wine bottle. stoef 3 beeing 727:200, a type o arcak.

) 20 L) 60 80 100 o 20 0 P 50 100 ) ) 40 50 ) 100 [ 20 ) P) 80 100

Country211 RESISC4S Stanford Cars
comect rank: 5/211 comect probability: 3.92% correct label: roundabout comrect rank: 1/45 cormrect probability: 96.39% correct label: 2012 Honda Accord Coupe comect rank: 1/196  cormrect probability: 63.30% correct label: kennel indoor comect rank: 1/723 comect probabliity: 98.63%
o -

ook In french guiana.

hoto | took in gabon. btelite Imagery of intersection. b photo of a kennel outdoor.

a photo of a jall cell.

photo | took in cambodia. satellite imagery of church.

satellite imagery of medium residential. photo of 3 2012 acura tsx sedan. a photo of a jall indoor.

photo | took in guyana.

photo | took in belize. satelite Imagery of chaparral. ot of 3 2008 acurati type s 2 photo of a veterinarians office.
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Dataset Classes Train size Testsize Evaluation metric
Food-101 102 75,7750 25,250 accuracy
CIFAR-10 10 50,000 10,000 accuracy
CIFAR-100 100 50,000 10,000 accuracy
Birdsnap 500 42,283 2,149 accuracy
SUN397 397 19,850 19,850 accuracy
Stanford Cars 196 8,144 8,041 accuracy
FGVC Aircraft 100 6,667 3.333 mean per class
Pascal VOC 2007 Classification 20 5,011 4,952 11-point mAP
Describable Textures 47 3,760 1.880 accuracy
Oxford-IIIT Pets 37 3,680 3,669 mean per class
Caltech-101 102 3,060 6,085 mean-per-class

Oxford Flowers 102 102 2,040 6,149 mean per class
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Dataset Classes Train size Testsize Evaluation metric
MNIST 10 60,000 10,000 accuracy
Facial Emotion Recognition 2013 8 32,140 3,574 accuracy
STL-10 10 1000 8000 accuracy
EuroSAT 10 10,000 5,000 accuracy
RESISC45 45 3,150 25,200 accuracy
GTSRB 43 26,640 12,630 accuracy
KITTI 4 6,770 711 accuracy
Country211 211 43,200 21,100 accuracy
PatchCamelyon 2 294912 32,768 accuracy
UCF101 101 0,537 1,794 accuracy
Kinetics700 700 494,801 31,669 mean(topl, top?d)
CLEVR Counts 8 2,000 500 accuracy
Hateful Memes 2 8,500 500 ROC AUC
Rendered SST?2 2 7,792 1,821 accuracy
ImageNet 1000 1,281,167 50,000 accuracy
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a photo of guacamole, a type of food.

Food101

comrect label: guacamole corectrank: 1/101 comrect probability: 90.15%

photo of ceviche, a type of food.

B photo of edamame, a type of food.

a photo of tuna tartare, a type of food.

a photo of hummus, a typeoffood.




this is a photo of lymph node tumor tissue
this is a photo of healthy lymph node tissue
PatchCamelyon (Pcam)

correct rank: 2/2 correct probability: 22.81%

correct label: healthy lymph node tissue

tissue

to of healthy lymph node tissue

100



photo of a angry looking face.
Facial Emotion Recognition 2013 (FER2013)

comect label: angry comect rank: 57 correct probability: 8.16%

king face.

of a neutral locking face.

oto of a surprised looking face.

oto of a fearful looking face.

oto of a angry looking face.

100



photo of a maine coon, a type of pet.

Oxford-1lIT Pets

comrect rank: 1/37 correct probabiity: 99.99%

correct label: Maine Coon

Wl

3.0
AN O

A_

aphotoota persan, atype of pet

aphotoota ragdoll, a type of pet

aphotoofa brman, atypeof p=t

aphoto ofa samese, 2 type of pet

100



a photo I took in french guiana.
a photo | took in belize.

Country211

correct label: Belize comrect rank: 5/211 comect probability: 3.92%

-

ook in french guiana.

100



a photo of country line dancing.

Kinetics-700

comrect label: country line dancing corect rank: 1/700 comrect probability: 98.98%

a photo of square dancing.

a photo of swing dancing.

a photo of dancing charleston.

a photo of salsa dancing.




a photo of a building.

aYaho
correct label: bullding comrect rank: 1/12 correct probabilty: 97.69%

8 photo of a camriage.

a photo of a statue.

a photo of a bag.

a photo of a mug.




a photo of a motorcycle.

PASCAL VOC 2007

correct label(s): motorcycle comrect rank: 1/20 correct probablity: 99.69%

AR I_

'-" J '/“'

a photo of a bicycle.

{2 photo of a car.

a photo of a horse,

a photo of a dining table.




a photo of a barn.

ImageNet Sketch
comect label: barn correct rank: L/1000 cormect probability: 79.56%

photo of a church,

photo of a threshing mac hlne.l

phote of a sawmilll

photo of a prison.

a 20 ] &0 HO 13



a photo of a television studio.

SUN397

orrect rank: 1/397 correct probability: 90.22

photo of a podium indoor.

photo of a conferance room.

a photo of a lecture room.

3 photo of a control mom.

g AN N an 1



photo of a fox squirrel.
a photo of a lynx.

ImageNet-A (Adversarial)

comrect label: lynx comect rank: 5/200 cormrect probabiiity: 4.18%

CamaraMame 23 0vint 270

80

100



photo of a person volleyball spiking.

UCF101

correct label: Volleyball Spiking correct rank: /101 correct probability: 99.30%
==

a photo of a person jJump rope.

a photo of a person long Jump.

{a photo of a person soccer penalty.

4{a photo of a person table tennis shot.

0 20 40 &0 80 100



a photo of a snake.

CIFAR-100

correct label: snake correct rank: 1/100 correct probabllity: 38.02%

hoto of a sweet pepper.

hoto of a flatfish.

hoto of a turtie.

photo of a |zarmd.




satellite Iimagery of roundabout.

RESISC45

comrect label: roundabout comrect rank: 1/45 comrect probability: 96.39%
\ 11

satellite imagery of church.

satellite imagery of medium residential.

isatellite imagery of chaparmral

0 20 40 &0 80 100



a photo of a great masterwort, a type of flower.

Flowers-102

correct label: great masterwort correct rank: 1102 correct probability: 74.25%

b of abishop of Bandaft, atype of flower.

photo of 2 pincushion flower, a type of flower.

photo of a globe flower, atype of Sower

photo of a prnce of wales feathers, 2 type of flower

0 20 20 50 80 101



a photo of a pill bottle.

ObjectNet ImageNet Overlap

correct label: Plll bottle correct rank: 1/113 corract probability: 98.34%

“
-y

|

¥
- g, ’
-. W

3 photo of a bottle cap.

a photo of a beer bottle.
3 photo of a plllow.

"4a photo of a3 wine bottle,

3 20 20

20

100



a photo of the number: "7".

MNIST

Comect label: comect mnk: Y10  comect probability: B5.3.5%

photo of the number:

photo of the number: *1°.

photo of the number: “b".

photo of the number: “4°.

a 20 =0 & 840 100



meme.

Hateful Memes

correct label: meme correct rank: 1/2 comrect probability: 99.20%
colieeasnithelmng

3 hatespeech meme.

0 20 40 &0 80 100



a photo of a airplane.

Youtube-BB

correct label{s}): airplane,parson

correct rank: 123 comrect probability: 88.98%

photo of a bird.

photo of a bear.

3 photo of a giraffe.

3 photo of a car.

0 20 40 60 80 100



photo of a bird.

comect label: bird

CIFAR-10

correct rank: 110 comect proba bility: 40.66%




a photo of a kangaroo.

Caltech-101

correct label: kangaroo comrect rank: 1/102 comect probablility: 99.81%

a photo of a gerenuk.

a photo of a emu.

a photo of a wild cat.

a photo of a scorplon.

60

100



a photo of a beer bottle.

ImageNetV2 Matched Frequency

corredt label: beer bottle comect rank: /1000 correc probability: BB.2 T%

phote of a pirate ship.

photo of a chocolate syrup.

phote of a produd packet / packaging.

phote of a wine bottle.




photo of a 2012 honda accord coupe.

Stanford Cars
correct label: 2012 Honda Accord Coupe comrect rank: 1/196 comrect probability: 63.30%

12 honda accord sedan

phowo of 3 2012 acurati sedan.

photo of 3 2012 acuratsx sedan.

photo of 2 2008 acuratitypes

0 20 40 60 80 100



a photo of a king charles spaniel.

ImageNet
correct label: King Charles Spaniel _comect rank: /1000 correct probability: 91.61%

photo of a brittany dog.

photo of a cocker spaniel

4a photo of a papllion.

a photo of a sussex spaniel.




a photo of a marimba.

ImageNet Blurry
comrect label: marmba comrect rank: 11000 correct probability: 79.54%

photo of a steel drum.

photo of a computer keyboard.

a photo of a pool table.

3 20 20 50 9 100

Chummub Al asss Massrmm BMossalnmwes (EVILIMMN



Street View House Numbers (SVHM)

Comect label: 158 Comelt rank: B32000 cComelt probabilmy: 0.2 7

a street sign of the number: *115 7°.

8 Street sign of the number: “"1165°.

8 Street sign of the number: "1 164°.

198

a street sign of the number: *1155°.

a street sign of the number: "1364°.




a positive review of a movie.

Stanford Sentiment Treebank
corredt label: positive correct rank: /2 correct probabllty: TE.21%

review of a movie.
&5 & singular character study, it's perfect.




centered satellite photo of permanent crop land.
centered satellite photo of annual crop land

EuroSAT

comrect label: annual crop lang comrect rank: 4/10 correct probability: 12.90%

of permanent cop fand.

sateiite phoo of pasture land.

@telite phowo of highway or road.

red satelite phoo of annual cop fand.

red satelite photo of brashiand or shrubland .

0 20 20 &0 80

100



photo of 3 objects
photo of 4 objects

CLEVR Count

comect label: 4 correct rank 28 comect probabliity: 17.11%

of 4 objects.

photo of 5 oblects.

phote of &b oblects.

a photo of 10 objects.

194



photo of a siberian husky.

ImageNet-R (Rendition)
comect label: Siberian Husky comrect rank: /200 comrect probablity: 76.02%

photo of a border collie.

photo of a rottweiller.

0 20 &0 &0 80 100



a photo of a mcdonnell douglas md-90, a type of
aircraft
photo of a boeing 717, a type of aircraft

FGVC Aircraft

correct label: Bosing TL17 comect mnk: 27100 comect probability: 9.91%

o 90, & Dok of dircradt.

of & beaing 717, 2 byps of aircrad

of o hodelomer 1060, O Dl o JDra.

of 3 Pnocierve] Boesnlas G830, 3 typt of JinTrad

of & beaing 727-200, a type of aFcas.

11959



a photo of a kennel indoor.

SUN

correct label: kannel indoor comrectrank: 1/723 comect probability: 98.63%

a3 photo of a kennel outdoor.

a photo of a jail cell.

a photo of a Jall indoor.

a photo of a veterinarans office.

100



photo of a broad tailed hummingbird, a type of bird.
photo of a black chinned hummingbird, a type of bird.

Birdsnap

correct label: Black chinned Hummingbird comrect rank: 4/500 comrect probability: 12.00%

Calliope Pummingind, a type of i

pof 3 QOGS hummingind, 3 type of Bind

bof 3 DRCK CNAed hurminged, 3 typ e o Bimd

o of 3 3005 o ngird, 3 type of brd

100



photo of a polka-dotted texture
photo of a perforated texture.

Describable Textures Dataset (DTD)

comrect label: perforated comrect rank: 2/47 correct probability: 20.50%

......

'8 polka-dotted texture.

...... fa perforated texture.

f a dotted texture.

0 of 3 studded texture.

.....

100



photo of a antelope.

ImageNet Vid
correct label{s): antelope comrect rank: 1/30 correct probability: 99.7 7%

a photo of a zebra.

a photo of a car.

a photo of a cattle.

a photo of a elephant.

0 20 20 &0 80 100



a zoomed In photo of a "red and white triangle
with exclamation mark warning" traffic sign.

German Traffic Sign Recognition Benchmark (GTSRB)

comect [abet redand whits trisngia with scdamation markwaming  COMMECt rank: 1/43  correct probability: 45.75%

Wala el el aim e g e S L ey e e e e

Wt e et e e e e s e ey e ey e ey T R e

el o aim agurnm r i e sudman oy Rty

v a et e s e e s e W e e e g e vy W

I L ) ) )

0 20 20 &0 80
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StanfordCars +28.9
Country211 +23.2
Food1l01 +22.5
Kinetics700 :

SST2

SUN397
UCF101 .
HatefulMemes +6.7
CIFAR10

+0.5

Birdsnap
MNIST
FGVCAircraft
RESISC45
Flowers102
DTD
CLEVRCounts
GTSRB
PatchCamelyon
KITTI Distance

EuroE}AT

—-40 -30 -20 -10 O 10 20 30 40

A Score (%)
Zero-Shot CLIP vs. Linear Probe on ResNet50
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S
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PascalVOC2007 D K54 — i 1A BT —2 vk T,
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BFEBEBRDDFE(EuroSATERESISCAS) YU /N\NEEBEDE
tH (PatchCamelyon), 8> —>TORA T IMDAI U+
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Contrastive Representation Learning

X%, CLIP(Contrastive Language-Image Pre-training)
DBFDITTEL>TULT, CLIPOREDERIZH-TLNVS
Contrastive Representation Learning (xttbRIRIRZEE)IZ
DUWWTERBALZET
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Mahajani (2018) [ZResNeXt101-32x48dDEFIZ
19GPU% . Xien (2020) [ENoisy Student EfficientNet-
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FF-bDEHD1BEFET, FEE S natural language
supervision DRAT—Y VT #HMSELHRTHLZ DD
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Contrastive Representation Learning

~MD;EH

E{&IZxt9 % Contrastive Representation Learning
(R LEHIRIRFEE) ITHTH5FO DR T, XFLER BRI,
FFEDOFRABMEYLEBN-RTZFETETLHILEAHH D
TL 5 (Tian et al.)
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tMOMETIE. BEOERETILEIERELGEZRRIRZE
BTEHN. AL HEREEFEORMLEETILEYBL 1T EZLD
HEEEZWELTLHIENATMNDTLVS(Chen et al.)
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CLIPD &

Contrastive Representation Learning

EEND/N\YFD (EE. TFAMNRTHREZ SN f-F, CLIP
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Contrastive Representation Learning
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Contrastive Representation Learning
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Contrastive Representation Learning
E(E Al A

Contrastive Representation Learning:
A Framework and Review

Phuc H. Le-Khac, Graham Healy, Alan F.
Smeaton

https://arXiv.org/2010.05113v2
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Deep Learning TOENT-5&IT
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Constractive Presentation Learning
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