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CLIP : Vision and Language ChatGPT: Vision, language, and voice

ChatGPT
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fe
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CLIP: Connecting text and images

For a dozen cookies,
you'll typically need

about one teaspoon
of extract.

Chat with images Create new images Chat with voice
You can now show ChatGPT images and start a Create images simply by describing them in You can now use voice to engage in a back-and-
chat. Troubleshoot why your grill won't start, ChatGPT. Invent new logos, comic strips, and forth conversation with ChatGPT. Speak with it on
explore the contents of your fridge to plan a meal, photorealistic scenes right in the chat. You can the go, request a bedtime story for your family, or
or analyze a complex graph for work-related data. bring your ideas to life with our most capable image  settle a dinner table debate.

model, DALL-E 3.
Learn more Learn more

Learn more
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Self-Attention

Vision Transformer (ViT) Transformer Encoder

) A X
L x 1
MLP @4—
E [ MLP ] . MatMul i
A
M
Transformer Encoder Norm ] SOﬁ* ax

[class] embedding

* Extra learnable
Linear Projection of Flattened Patches A # A f

i
I
I
I
, I
1|
I
I Mask (opt.)
oy I ( 1 )
@é@é |
[ | J cale
I
I |
I
I
1

I | Norm R
Embedded ] Q K \/
| Patches

« Patchm1b—20>2 &EHRU. Self-Attention(C K> THE ~— U/tAD’E*_CEncoding
« Convolution& BRI D& BNENDPatchh 5 R IzattentionfBEIskDEEH] (CHIFI AN R0



Data-hungry/RViT -~ v

Accuracy
£ N\90
: & 3‘75%
<
] 5
85 - 3
J 2]
5
Z.
_ @ &0
80 - £
- = 50% -
@)
. < ‘
75 ] BiT ViT-L/32 = ' 300M =>3BTHBIFEEMR L
T . . N
V?T"B/32 V%T"L/ 16 ;é - B/32,JFT-300m  ---- L/16, JFT-300m
] ViT-B/16 ViT-H/14 11 —— B/32, JFT-3b —— L/16,JFT-3b
701, i i 25% : : : : . ; .
ImageNet ImageNet-21k JFT-300M 0 1 2 ; 4 0 6 .
- | > JFT-300m epochs

=5ty M1 X

AN IMAGE IS WORTH 16X16 WORDS: TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE, ICLR2021
Scaling Vision Transformers, CVPR2022 11



Accuracy

Data-hungry/RViT -\v

£ N\901
85 1
801
751

70 -

ImagleNet

Bz
c??75‘70
2
2
o
%
- ]
= 50% 1
£
BiT ViT-L/32 = ' 300M =>3BCHBIEEMR.L
p . s
ViT-B/32 ViT-L/16 = B/32 IFT-300m  ---- L/16, JFT-300m
— L/16, JFT-3b
33 (— e Y E = 3 6 7
. BBCBLDOF—IEBEE T D RS

¢ F—HHAZCIHUTHEERRT —ILT B EEEXTS

;\

AN IMAGE IS WORTH 16X16 WORDS: TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE, ICLR2021
Scaling Vision Transformers, CVPR2022

12



ViT(ZRobust/3 i kBl 2%

« € 6€6HBRobustness& (S
—ZBRFICIEESZBSNTULWVRWIALTDANICH T DIEE

FE TR M

Gaussian Noise Blur Pixelate

13



ViT(ZRobustZ3 i Bl &8

SegFormer: Simple and Efficient Design for Semantic

Segmentation with Transformers

Enze Xie, Wenhai Wang, Zhiding Yu, Anima Anandkumar, Jose M. Alvarez, Ping Luo

The University of Hong Kong Nanjing University NVIDIA Caltech

SegFormer: Simple and Efficient Design for Semantic Segmentation with Transformers, NeurlPS2021
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FELHES ResNet50 ViT

Augmentation Flip, Crop  MixUp, CutMix
Optimizer SGD AdamW
Activation RelLU GELU

Are Transformers More Robust Than CNNs? NeurlPS2021
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SFEHES ResNet50

Augmentation

ViT

Flip, Crop  MixUp, CutMix

Optimizer SGD AdamW
Activation RelLU GELU
Optimizer(C X9 S4REE
Optimizer-LR Scheduler ImageNet 1 | ImageNet-A 1 | ImageNet-C | | Stylized-ImageNet 1
SGD-Step 76.9 3.2 57.9 8.3
ResNet-50 SGD-Cosine 77.4 3.3 56.9 8.4
AdamW-Cosine 76.4 3.1 59.3 8.1
DeiT-S AdamW-Cosine 76.8 12.2 48.0 13.0

Are Transformers More Robust Than CNNs? NeurlPS2021
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Understanding The Robustness in Vision Transformers, ICML2022

18



Self-Attention=Clustering—Robust?

et vs 2820 ClusterbMHHIRT S Self-attention Layer
» f "',,,/ w @ % l :

%" “ J

Corrupted 1nput ResNet-50

Q'K

T
= SA(X) = Softmax
) ( Vd

Block8 Block9 Block10
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Understanding The Robustness in Vision Transformers, ICML2022 20
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Block8 Block9 Block10

Understanding The Robustness in Vision Transformers, ICML2022
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The Power of Scale for Parameter-Efficient Prompt Tuning, EMNLP 2021
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Visual Prompt Tuning, ECCV2022
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+ Neural Architecture Search
« ENHVVVODOHIELS DS IRVNDT,. fBHEHEZESearchU /=

Natural Specialized Structured

- - £

= S N = 215 3 iz S o

= () — 2 o = 'p) E; o 4 5 Q O ) 1

2|8 3 2 515 ¢ 3 £E|2 2 8 2 3 ¢ 8 2%

& = L A 3 %) é @ g o A §= > > = E I~ i~ O @) 5

o | 9 = K 9 3 > g < 5 6 O 2 o 3 A o Z ~z >

*+ | O O A E A& & 4|0 B ® 2|0 U A ¥ 8 8 4 4|<
Full [19] 85.8(68.9 87.7 64.3 87.2 86.9 87.4 38.8|79.7 95.7 84.2 73.9|56.3 58.6 41.7 65.5 57.5 46.7 25.7 29.1 |68.9
Linear [19] 0.04 |64.4 85.0 63.2 97.0 86.3 36.6 51.0|78.5 87.5 68.5 74.0(34.3 30.6 33.2 554 12.5 20.0 9.6 19.2|57.6
VPT [19] 0.64 |[78.8190.8 65.8 98.0 88.3 78.1 49.6|81.8 96.1 83.4 68.4|68.5 60.0 46.5 72.8 73.6 479 32.9 37.8|72.0
Adapter [17] 0.16 [|69.2]190.1 68.0 98.8 89.9 82.8 54.3(84.0 94.9 81.9 75.5[80.9 65.3 48.6 78.3 74.8 48.5 299 41.6|73.9
LoRA [18] 0.29167.1]91.4 69.4 98.8 90.4 85.3 54.0(84.9 95.3 84.4 73.6(82.9 69.2 49.8 78.5 75.7 47.1 31.0 44.0|74.5
NOAH 0.43(|69.6192.7 70.2 99.1 90.4 86.1 53.7|84.4 954 83.9 75.8|82.8 68.9 49.9 81.7 81.8 48.3 32.8 44.2|75.5
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Neural Prompt Search, Arxiv 2022
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A airplane flying over the shiny clouds .
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Two brown puppies are playing on the grass.

A airplane flying over the shiny clouds .
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Noise-aware Learning from Web-crawled Image-Text Data for Image Captioning, ICCV 2023
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(c) Quality-controllable Caption Generation at Infererence Time

Noise-aware Learning from Web-crawled Image-Text Data for Image Captioning, ICCV 2023
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