
ˢ˴́̂ˢ˶̎˹̍˩ ́˩˹˨˩˹̇ˮˮ ˮ ˾˩˭̂˶̎́ˢ́̍ 
ˤ ˻ˣ˶ˢ˿́ˮ ˴˻˸˽̎̑́˩˾˹˻˥˻ ˭˾˩˹ˮ̒Σ ˥˩˹˩˾ˢ̇ˮˮ 
˨ˢ˹˹̍̆ ˮ ˻ˣ̂̉˩˹ˮ̒ ˿ ˽˻˨˴˾˩˽˶˩˹ˮ˩˸ όнлнл-2024) 

ˤ͙͙͘͡Έ͔ͭͪ ͙͚̑ͪ ˤ͔͙͍͙͊ͤͭͤͦ͡;Σ ͒ΦͺΦ-ͣΦͤΦΣ ͨͪͦͺΦ ˾ˢ˹Σ ͙͔͒ͪͭͦͪ͟  
ͨͦ ͍͔͙ͤ͊ͨͪ͊ͤ͡Ό  ς ͪ ͍͙͔ͯͦͦ͒ͭ͟͡Έ ͤ͊ͯ;͎ͤͦͦ ͔ͦͣͨͫ͊͟͟͡ ζˮ͍͔ͫͯͫͫͭͤͤ͟·͚ 
͙͔͔ͤͭͭ͟͡͡ ͙ ͔ͭͻ͙ͤ;͔͔ͫͦ͟ ͔͙͔ͪͤ͘η ̅ˢ̂ ζ˥ͦͫ˹ˮˮˢ˿ηΣ viz@gosniias.ru 

˿͔͙ͣͤ͊ͪ ˹ˮ̂ ˤ̊̏ 
 ͨ ͦ ͍·͙͍͙͔ͫͦͦͨͪͦͦ͒ͭ͘͟͡Έͤ·ͣ 

 ͍ ·;͙͔͙ͫͤ͡Ύͣ 

˸͍ͦͫ͊͟Σ лпΦлсΦнлн4 

˾͊ͫ΄͙͔ͪͤͤ͊Ύ 
͍͔͙ͪͫΎ  
͒ͦ͊͒͊͟͡ 
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Å˾ ͔ͯ͘͡Έͭ͊ͭ·Σ ͔ͨͪͦ͋ͣ͡· ͙ ͍·͍ͦ͘· нлнл όCV, NLP, GM, RL) 

Ǻ ͔͔ͤ͒ͤͼ͙͙ ͙ ͔ͪͯ͘͡Έͭ͊ͭ· 2020-2024: 

Å͟ ͦͣͨΈΌ͔͔ͭͪͤͦ ͔͙͔ͪͤ͘ 

Å͋ ͦ͡Έ΄͙͔ Ύ͘·͍ͦ͟·͔ ͔͙ͣͦ͒͡ 

Å͎ ͔͔ͤͪ͊ͼ͙Ύ ͒͊ͤͤ·ͻ 

Åͦ ͋ͯ;͔͙͔ͤ ͫ ͨͦ ͔͔͙͔͒ͪͨͤͣ͟͡ 

ÅLLM-͎͔͊ͤͭ·Σ ͦ͋΅͙͚ ˮˮ όAGI)   

Å˽ ͔͔͙͍ͪͫͨͭ͟·Σ ͔ͨͪͦ͋ͣ͡· ͙ ͍·͍ͦ͘· нлнп 

˭͊͒͊;͊ ͒ͦ͊͒͊͟͡ ς ͒ ͊ͭΈ ͦ͋΅ͯΌ ͙͊ͪͭͤͯ͟ ͊ͤ͒͡΄͊ͺͭ͊ ˮˮΦ ̏ͭͦ ͤ͊͋ͦͪ ͙ͪ͊ͭ͟͟ͻ 
 ͨ ͔͍͙͔͔͚ͯͭͦ͒ͭ͡ ͨͦ ͦ͋͊ͫͭ͡ΎͣΣ ͔ͪͯ͘͡Έͭ͊ͭ͊ͣ ͙ ͙͔͒Ύͣ ͍͔͔͎ͫͦͪͣͤͤͦͦ ˮˮ, 

ό;ͭͦ ͊͟͟ ͍͙͍͔ͪ͊͊ͭͫ͘ΎΣ ͟͡Ό;͔͍·͔ ͍ͫͦ͊͡Σ ͎͔͒ ͨͪͦ Ήͭͦ ͨͦ;͙ͭ͊ͭΈύ ͨͦΉͭͦͣͯ ͍ ͔ͤͣ  
͔ͤͭ ͎͙ͯ͋ͦ͟͡ͻ ͦ͋ΆΎ͔͙͚ͫͤͤΣ ͊ͭͦ͘ ͒͊ͤ ͪΎ͒ ͙͔͍ͨͪͣͪͦΣ ͫͻ͔ͣ ͙  ͦ͋ͦ͋΅͔͙͚ͤ    

п ͔ͭͪ͊͟ 
͙͘ нлнл 

˹͍ͦ·͚ 
͔ͭͪ͟ нлнлҌ 
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Å˾ ͔ͯ͘͡Έͭ͊ͭ·Σ ͔ͨͪͦ͋ͣ͡· ͙ ͍·͍ͦ͘· нлнл όCV, NLP, GM, RL) 

Ǻ ͔͔ͤ͒ͤͼ͙͙ ͙ ͔ͪͯ͘͡Έͭ͊ͭ· 2020-2024: 

Å͟ ͦͣͨΈΌ͔͔ͭͪͤͦ ͔͙͔ͪͤ͘ 

Å͋ ͦ͡Έ΄͙͔ Ύ͘·͍ͦ͟·͔ ͔͙ͣͦ͒͡ 

Å͎ ͔͔ͤͪ͊ͼ͙Ύ ͒͊ͤͤ·ͻ 

Åͦ ͋ͯ;͔͙͔ͤ ͫ ͨͦ ͔͔͙͔͒ͪͨͤͣ͟͡ 

ÅLLM-͎͔͊ͤͭ·Σ ͦ͋΅͙͚ ˮˮ όAGI)   

Å˽ ͔͔͙͍ͪͫͨͭ͟·Σ ͔ͨͪͦ͋ͣ͡· ͙ ͍·͍ͦ͘· нлнп 

˭͊͒͊;͊ ͒ͦ͊͒͊͟͡ ς ͒ ͊ͭΈ ͦ͋΅ͯΌ ͙͊ͪͭͤͯ͟ ͊ͤ͒͡΄͊ͺͭ͊ ˮˮΦ ̏ͭͦ ͤ͊͋ͦͪ ͙ͪ͊ͭ͟͟ͻ 
 ͨ ͔͍͙͔͔͚ͯͭͦ͒ͭ͡ ͨͦ ͦ͋͊ͫͭ͡ΎͣΣ ͔ͪͯ͘͡Έͭ͊ͭ͊ͣ ͙ ͙͔͒Ύͣ ͍͔͔͎ͫͦͪͣͤͤͦͦ ˮˮ, 

ό;ͭͦ ͊͟͟ ͍͙͍͔ͪ͊͊ͭͫ͘ΎΣ ͟͡Ό;͔͍·͔ ͍ͫͦ͊͡Σ ͎͔͒ ͨͪͦ Ήͭͦ ͨͦ;͙ͭ͊ͭΈύ ͨͦΉͭͦͣͯ ͍ ͔ͤͣ  
͔ͤͭ ͎͙ͯ͋ͦ͟͡ͻ ͦ͋ΆΎ͔͙͚ͫͤͤΣ ͊ͭͦ͘ ͒͊ͤ ͪΎ͒ ͙͔͍ͨͪͣͪͦΣ ͫͻ͔ͣ ͙  ͦ͋ͦ͋΅͔͙͚ͤ    

п ͔ͭͪ͊͟ 
͙͘ нлнл 

˹͍ͦ·͚ 
͔ͭͪ͟ нлнлҌ 

͔ͤ ͔͎ͫͦ͒ͤΎ 

͔ͤ ͔͎ͫͦ͒ͤΎ 



 
 
 
 
 
 
 
 
 
 
 
 
 

͔͔́ͤ͒ͤͼ͙͙ ͙ ͔ͪͯ͘͡Έͭ͊ͭ· 
2021-нлнп ͍ ͙ͦ͋͊ͫͭ͡ 
ͦͣͨ͟ΈΌ͔͎ͭͪͤͦͦ ͔͙ͪͤ͘Ύ 

́ͪ͊ͤͫͺ͔ͦͪͣͪ· ͍  CV 

͔̅ͯͤ͒͊ͣͤͭ͊͡Έͤ·͔ ͔͙ͣͦ͒͡ ͍ CV 

Multimodal LLM 

CNN vs. Transformers 



AlexNet 
(2011) 

+ ˮ ͔ͪ͊ͪͻ͙;͔ͫ͊͟Ύ ͦ ͋ͪ͊͋ͦͭ͊͟ 
ͫ ͍ͨͦ·΄͔͙͔ͤͣ ͊͋ͫͭͪ͊͟ͼ͙͙ 
͒͊ͤͤ·ͻ ͦͭ ͍ͯͪͦͤΎ ͟ ͍ͯͪͦͤΌ 

˿͍͔ͪͭͦ;ͤ·͔ ͔͚ͤͪͦͤͤ·͔ ͔͙ͫͭ ͍ ͦͣͨ͟ΈΌ͔ͭͪͤͦͣ ͔͙͙ͪͤ͘ 

˴͙͔͊͟ Ή͔͔ͣͤͭ͡· ͙͔͙ͦ͋ͪ͊͗ͤ͘Ύ ͪ͊ͫͨͦͤ͊͘Όͭ 
͔͚ͤͪͦͤ· ͪ͊ͤ͘·ͻ ͍͔͚ͯͪͦͤΥ ;͔ͣ ͍·΄͔ ͚ͫͦ͡ 
͔͙ͫͭΣ ͔ͭͣ ͍·΄͔ ͍͔ͯͪͦͤΈ ͊͋ͫͭͪ͊͟ͼ͙͙  
 

Visualizing and 
Understanding 
Convolutional 
Networks,Σ 9//±Ωмп 

˴͡Ό;͔͍͔ͦ 
͙͔͔͙͔ͦ͋ͪͭͤ͘Υ 
͍͔ͫͪͭͦ;ͤ·͚ 
͔͚ͤͪͦͤ 
˾͔͊͋ͦͭ͊ͭ 
ͦ͊͟͡͡Έͤͦ ͍ 
͔ͤ͋ͦ͡Έ΄͚ͦ 
͔͙ͦͪͫͭͤͦͫͭ͟ 

 

ˮͫͻͦ͒ͤ·͚ ͙͔ͤͫͭͪͯͣͤͭΥ  
˽͔͔ͪͫͨͭͪͦͤ όMLP) 

2015-мсΥ /bb ͔ͪ΄͊Όͭ ͍͔ͫ 
͊͒͊͘;͙ ͦͣͨ͟ΈΌ͔͎ͭͪͤͦͦ 
͔͙ͪͤ͘Ύ ͙ ͼ͊ͪΎͭ ͒ͦ нлнлΧ  

ɻʣʫʙʦʢʦʝ ʦʙʫʯʝʥʠʝ 

ɼʨʫʛʠʝ ʤʝʪʦʜʳ ʦʙʫʯʝʥʠʷ 

ɺʝʨʦʷʪʥʦʩʪʴ ʨʘʩʧʦʟʥʘʚʘʥʠʷ  

ʆʙʲʝʤ ʦʙʫʯʘʶʱʝʡ ʚʳʙʦʨʢʠ 

Ҍ ˿ нлмм ͎Φ - ͪ ͍͙͔͊ͫͨͦͤ͊͊ͤ͘ 
͍ͦ͋ͪ͊ͦ͘ ͤ͊ ͍͔ͯͪͦͤ ;͔͍͔ͦ͊͟͡ 
͙͙͡ ͍·΄͔ (superhuman) 

+ ˻ ͋ͯ;͔͙͔ͤ ͤ ͊ ͍͔ͫͪͻ͋ͦ͡Έ΄͙ͻ 
ͦ͋Ά͔ͣ͊ͻ ͒͊ͤͤ·ͻ 

CNN Timeline 

Object Detection with CNN Timeline 

CNN 
Architectures 

Evolution of Convolutional Neural Network, 2023 

ImageNet 

V˿ ͒ ͦ нлнл 

2010 

̆ˮ́ ˮˮ 
2011! 

YOLO 
(2015) 

̆ˮ́ ˮˮ 
2015! 



˻͍͔ͫͤͦͤͦ ͎͙ͦͪ͊ͤ;͔͙͔ͤΥ 
͔͍ͤͦͣͦ͗ͤͦͫͭ͘Έ 
͙ͫͨͦ͡Έ͍͙ͦ͊ͤ͘Ύ 

ͫͭͪͯͭͯͪͤ͟·ͻ ͔͔͚ͣͦ͒͡Σ 
͎͙ͦ͟͡ ͙ ͎͙͚ͦͤͭͦͦ͡ 

˽͔ͪͦ͋ͣ͡· ͙ ͍·͍ͦ͘· ͍ CV (2020) 
 ˽ ͦ;͔ͣͯ ͍͙ͪ͊ͫͨͦͤ͊͊ͤ͘Ύ ͍ͦ͋ͪ͊ͦ͘ ͔ͤ ͻ͍͙͊ͭͦ͡Κ 

CNN ͯ ;͙ͭͫΎ 
͍͙ͪ͊ͫͨͦͤ͊͊ͤ͘Ό 
͍ͦ͋ͪ͊ͦ͘ ͤ͊ 
͙͔ͨͪͣͪ͊ͻΥ 
͙ͫͭͣͯ͡-͔ͪ͊͟ͼ͙Ύ  
͔͋͘ ͎͊ͦͦ͟͟-͙͋ͦ͡ 
͙͍ͫͣͦ͡Έ͎ͤͦͦ 
͔͍͔͙ͨͪ͒ͫͭ͊ͤ͡Ύ 

˻͋ͯ;͔͙͔ͤ ͫ ͯ;͙͔͔ͭͣ͡ 

˸͔ͦ͒͡Έ ͫͼ͔ͤ· 

˽͊ͣΎͭΈ Ҍ ͙͔ͫͦͦ͋ͪ͊ͭ͘͡ΈͤͦͫͭΈ  ̧ˮ ͔͔ͤͭͭ͟͡͡Η 

ˤ нлмс-нлмф ͎͎Φ ͣ· 
ͫ;͙͙ͭ͊͡Σ ;ͭͦ 
͍ͦͫͤͦͤ·ͣ ͔ͨͯͭͣ 
͔͔͙ͨͪͦ͒ͦͤ͡Ύ 
͎͙ͦͪ͊ͤ;͔͙͚ͤ ˥˹˿  
ͫͭ͊ͤͯͭ ͫͭͪͯͭͯͪͤ͟·͔ 
˥˹˿ ͤ͊ ͎ͪ͊ͺ͊ͻ 

˹ͦ ͣ· ͦ΄͙͙͋ͫ͡ΈΗ 
 ˿ ͔͎ͦ͒ͤΎ Ήͭͯ ͪͦ͡Έ ͙͎͔ͪ͊ͭ 
͍͔ͫͦͫͣ ͎͚͒ͪͯͦ ͙ͭͨ ˥˹˿Σ 
͍͙ͦͤ͘͟΄͙͚ ͍ ͙ͦ͋͊ͫͭ͡ NLP, 
͟ ͚ͦͭͦͪͦ͟ ͣ· 
͙ ͔͔ͨͪͻ͙ͦ͒ͣΧ 

V˿ ͒ ͦ нлнл 

ˤ͊͗ͤ͊Ύ ͔ͨͪͦ͋ͣ͊͡Υ 
͔ͤͦ͋ͻ͙ͦ͒ͣͦͫͭΈ 

ͦ͋ͯ;͔͙ͤΎ ͤ͊ ͋ͦ͡Έ΄͙ͻ 
͍·͋ͦͪ͊͟ͻ ό͔͔͗͊ͭ͡͡Έͤͦ 

Zero-Shot ͙ ͙͡ Few-Shot)  



 
 
 
 
 
 
 
 
 
 
 
 
 

́ͪ͊ͤͫͺ͔ͦͪͣͪ· ͍ CV 



́ͪ͊ͤͫͺ͔ͦͪͣͪ· ͙͒ͯͭ ͍ CV! (2020+) 

˴͙͊ͫͫ͡ͺ͙͊͟ͼ͙Ύ ˻͔͙͔͋ͤ͊ͪͯ͗ͤ 

˿͔͎͔ͣͤͭ͊ͼ͙Ύ ˿͔͎͔ͣͤͭ͊ͼ͙Ύόinstance) MS COCO  ADE20K 

ImageNet MS COCO  

˽ͦ ͒͊ͤͤ·ͣ https://paperswithcode.com/ 



́ͪ͊ͤͫͺ͔ͦͪͣͪ· ͙͒ͯͭ ͍ CV! (2020+) ˣ͍͊ͦ͊͘Ύ ͙͔͒Ύ ͙͔͔͙ͨͪͣͤͤΎ 
ͭͪ͊ͤͫͺ͔͍ͦͪͣͪͦ ͟ ͊͒͊͘;͊ͣ ͔͙ͪͤ͘ΎΥ 
͍͔ͣͫͭͦ ͔͍ͭͫͭͦ͟·ͻ ͔͍ͭͦͤͦ͟ - 
ͺ͎͔ͪ͊ͣͤͭ· ͙͔͙͚ͦ͋ͪ͊͗ͤ͘ 

ˮ͔͙͔ͦ͋ͪ͊͗ͤ͘ ͊͟͟ ζ͔ͭͫͭ͟ηΥ 
͍͔ͫ ͔ͭͦͤ͟· ͍͙͍ͫͪ͊ͤ͊ΌͭͫΎ ͨͦͨ͊ͪͤͦΣ 
ͦͭͫΌ͒͊ ͍͙͊͒ͪ͊ͭ͟;ͤ·͔ ͍·;͙͔͙ͫͤ͡Ύ   

Shifted Windows 

́ͪ͊ͤͫͺ͔ͦͪͣͪ· ͎ͦͪ͊͒ͦ͘ ͔͔͔͔ͣ͒ͤͤ͡ ͍͔ͫͪͭͦ;ͤ·ͻ ͔͔͚ͫͭ 
͙-͊͘͘ ͍͙͊͒ͪ͊ͭ͟;ͤ·ͻ ͍·;͙͔͙͚ͫͤ͡Σ ͤͦ ͔͙ͫ͡ ͙ͻ ͙͋ͦ͟͡ 
͙͔ͨͪͣͤΎͭΈ ͦ͊͟͡͡ΈͤͦΣ ͭͦ ͫͦͪͦͫͭ͟Έ ͫͯ΅͔͍͔ͫͭͤͤͦ 

ͯͯ͡;΄͔͊ͭͫΎΗ  

Swin Transformer (2021) 

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 

Vision Transformer (2020) 



Self-Supervised Learning 

˿͔͙ͭ GPT ͙  BERT ͦ ͋ͯ;͊Όͭ ͤ͊ ͍͍͔͙͔ͦͫͫͭ͊ͤͦͤ͡ ζ͙͍͊ͣ͊ͫͪͦ͊ͤͤ͘͟·ͻη ͺ͎͔͍ͪ͊ͣͤͭͦ ͔ͭͫͭ͊͟Φ 
˻͊͊ͦͫ͘͟͡Έ ͒͡Ύ ͙͔͙͚ͦ͋ͪ͊͗ͤ͘Σ ͍͙͔͒ͦ ͙ ͎͙͒ͪͯͻ ͙͍ͭͨͦ ͒͊ͤͤ·ͻ  Ήͭͦ ͔ͭͦ͗ ͔ͪ͊͋ͦͭ͊ͭΗ  

MAE: Masked Autoencoders As Spatiotemporal Learners, Christoph Feichtenhofer, Haoqi Fan, Yanghao Li, Kaiming He, Meta AI, FAIR, 2022 

data2vec: A General Framework for Self-supervised 
Learning in Speech, Vision and Language, MetaAI, 2022 

EVA: Exploring the Limits of Masked Visual 
Representation Learning at Scale, Fang et al., 2022 

MAE: Masked Autoencoders As Scalable Vision Learners (2021) 



Multi -modal Learning 

нлмтΥ ˮˮ-м ͍͔ͫͭͪ;͔͊ͭͫΎ ͫ ˮˮ-2!!!  

нлнмΥ ˾͊ͤΈ΄͔ ͊͊ͦͫ͘͟͡ΈΣ ;ͭͦ ͔͒ͫ͘Έ ͤͯ͗ͤ· ͋͊͘· ͙͚ͤ͊ͤ͘ ͙ ͎͙ͦ͡;͔͔ͫͦ͟ 
͎͙͍͙͔ͨͪͦͪ͊ͣͣͪͦ͊ͤΣ ͔͔ͭͨͪΈ Ήͭͦ ͔͒͊͡Όͭ ͭͪ͊ͤͫͺ͔ͦͪͣͪ·Η 

˻͍͔ͭͭ· ͤ͊ ͍͙ͯ͊͘͡Έͤ·͔ ͍ͦͨͪͦͫ·Σ 
͔ͭͪ͋ͯΌ΅͙͔ ͔͙͚ͪ͊ͫͫͯ͗͒ͤΥ 
ζ͍͙ͯ͊͘͡Έͤ·͚ ͔ͭͫͭ ́ΈΌ͙͎ͪͤ͊η 

˿͍͔ͦͣͫͭͤ͊Ύ ͦ͋ͪ͊͋ͦͭ͊͟ ͙͎ͫͤ͊͡Έ͚ͤͦ ͙ ͙͍ͫͣͦ͡Έ͚ͤͦ ͙ͤͺͦͪͣ͊ͼ͙͙ 



Multimodal Learning Overvew 

˩͙͔͒ͤͦ 
͍ͨͪͦͫͭͪ͊ͤͫͭͦ 
͔͍͔͙͚ͨͪ͒ͫͭ͊ͤ͡  
͒͡Ύ ͔ͭͫͭ͊͟ ͙ 
͙͔͙͚ͦ͋ͪ͊͗ͤ͘Η 

˾͊ͤ͘·͔ 
͍ͨͪͦͫͭͪ͊ͤͫͭ͊ 
͔͍͔͙͚ͨͪ͒ͫͭ͊ͤ͡ 
͙ ͍·ͯ;͔ͤͤ·͔  

͔͍͙ͨͪͦ͋ͪ͊ͦ͊ͤ͘Ύ 
 ͣ ͔͗͒ͯ ͙͙ͤͣ 

˩͙͔͒ͤͦ 
͍ͨͪͦͫͭͪ͊ͤͫͭͦ 
͔͍͔͙͚ͨͪ͒ͫͭ͊ͤ͡  

͒͡Ύ ͍͔ͫͻ 
ͣͦ͒͊͡Έ͔͚ͤͦͫͭ! 

Data Fusion at the feature level όͤ͊ ͍͔ͯͪͦͤΈ ͙͔ͤ͗ύ 
Data Fusion at the token level 

Data Fusion at the language level όͤ͊ ͍͔ͯͪͦͤΈ ͍·΄͔ύ 

͔͍́ͫͭͦ͟·͔ 
͙ ͍͙ͯ͊͘͡Έͤ·͔ 
͒͊ͤͤ·͔ 
͔͔͍ͨͪͦ͒ΎͭͫΎ 
͍ ͭͦ ͔ͤ͟·, 
͔͙͒ͤ͊Ύ ͔ͤͭ͊͡ 
ͦͭͦͪ͟·ͻ ͙͔͒ͭ 
ͤ͊ ͍ͻͦ͒ 
ͭͪ͊ͤͫͺ͔ͦͪͣͪ͊  

ˤ͔ͫ ͍ͻͦ͒ͤ·͔ 
͙ ͍·ͻͦ͒ͤ·͔ 
͔͔͍͙ͨͪͦ͒ͣ ͍ 
͔͍ͭͫͭͦͯ͟Ό 
ͣͦ͒͊͡Έ-
ͤͦͫͭΈ, 
ͫ ͚ͦͭͦͪͦ͟ 
ͪ͊͋ͦͭ͊Όͭ 
LLM ͍ ;͔͊ͭ  

2021! 

2023! 

Text Token 
Image Token 



 
 
 
 
 
 
 
 
 
 
 
 
 

Multimodal Learning 
Vision-Language Models (VLM) 



 

Learning Transferable Visual Models From Natural Language Supervision, 2021 

Multi -modal Learning 

CLIP (Contrastive Language-Image 
Pre-Training) is a NN trained on a 
variety of (image, text) pairs. It 
predicts the most relevant text 
snippet, given an image, without 
directly optimizing for the task 

˩͙͔͒ͤͦ ͍ͨͪͦͫͭͪ͊ͤͫͭͦ 
͔͍͔͙͚ͨͪ͒ͫͭ͊ͤ͡  
͒͡Ύ ͔ͭͫͭ͊͟ ͙ 
͙͔͙͚ͦ͋ͪ͊͗ͤ͘Η 

Data Fusion at the feature  level 



ImageBind: One Embedding Space To Bind Them All (CLIP++) 

IMAGEBIND: One Embedding Space To Bind Them All, FAIR, Meta AI, 2023 

IMAGEBIND overview. Different modalities occur naturally aligned in different data sources, for instance images+text and 
video+audio in web data, depth or thermal information with images, IMU data in videos captured with egocentric cameras, etc. 
IMAGEBIND links all these modalities in a common embedding space, enabling new emergent alignments and capabilities 

La!D9.Lb5Ωǎ Ƨƻƛƴǘ ŜƳōŜŘŘƛƴƎ ǎǇŀŎŜ 
enables novel multimodal capabilities.  
.ȅ ŀƭƛƎƴƛƴƎ ǎƛȄ ƳƻŘŀƭƛǘƛŜǎΩ ŜƳōŜŘŘƛƴƎ ƛƴǘƻ ŀ 
common space, IMAGEBIND enables: 
1) Cross-Modal Retrieval, which shows 
emergent alignment of modalities such as 
ŀǳŘƛƻΣ ŘŜǇǘƘ ƻǊ ǘŜȄǘΣ ǘƘŀǘ ŀǊŜƴΩǘ ƻōǎŜǊǾŜŘ 
together. 2) Adding embeddings from 
different modalities naturally composes 
their semantics. And 3) Audio-to-Image 
generation, by using our audio embeddings 
with a pre-trained DALLE-2 decoder 
designed to work with CLIP text 
embeddings. 

˩͙͔͒ͤͦ ͍ͨͪͦͫͭͪ͊ͤͫͭͦ 
͔͍͔͙͚ͨͪ͒ͫͭ͊ͤ͡  

͒͡Ύ ͍͔ͫͻ 
ͣͦ͒͊͡Έ͔͚ͤͦͫͭ! 



BioBridge: Bridging Biomedical Foundation Models via Knowledge Graphs, Amazon, 2023 

BioBridge: Bridging Biomedical Foundation Models via Knowledge Graphs 

The conceptual comparison between our methods and previous methods. Left: multimodal 
contrastive learning, e.g., CLIP, learns from a combination of paired data, updating all unimodal 
encoders; Middle: ImageBind aligns all modalities with the central modality, with only the central 
model frozen; Right: BioBRIDGE learns the transformation across modalities from a multi-modal 
KG, keeping all FMs frozen. 

ˢ͡Έ͔͙͍ͭͪͤ͊ͭ͊Υ 
ͣͦ͗ͤͦ ͍͙ͦͫͭ͊ͭΈ 

ͪ͊ͤ͘·͔ ͍ͨͪͦͫͭͪ͊ͤͫͭ͊ 
͔͍͔͙͚ͨͪ͒ͫͭ͊ͤ͡ ͙ 

͍·ͯ;͙͍͊ͭΈ  
͔͍͙ͨͪͦ͋ͪ͊ͦ͊ͤ͘Ύ 

 ͣ ͔͗͒ͯ ͙͙ͤͣ 



Multi -modal Learning 

͔͍́ͫͭͦ͟·͔ ͙ 
͍͙ͯ͊͘͡Έͤ·͔ ͒͊ͤͤ·͔ 
͔͔͍ͨͪͦ͒ΎͭͫΎ ͍ 
͔͙͔͒ͤͤͦ͋ͪ͊ͤͦ͘ 
͔͍͔͙͔ͨͪ͒ͫͭ͊ͤ͡ 
͙ ͨͦͭͦͣ 
ͦ͋ͪ͊͋͊ͭ·͍͊ΌͭͫΎ 
͍͔ͫͦͣͫͭͤͦΗ  

Data Fusion at the token level 



ChatBridge: Bridging Modalities with LLM  

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023 

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst  

We harness the power of advanced LLM as the catalyst to bridge modalities with easy acquired,  

language-paired two-modality data (e.g., image-text, video-text, and audio-text), resulting in a multimodal LLM. 

ɺʩʝ ʚʭʦʜʥʳʝ ʠ ʚʳʭʦʜʥʳʝ 

ʜʘʥʥʳʝ ʥʫʞʥʦ ʧʝʨʝʚʝʩʪʠ ʚ 

ʪʝʢʩʪʦʚʫʶ ʤʦʜʘʣʴʥʦʩʪʴ, 

ʩ ʢʦʪʦʨʦʡ ʨʘʙʦʪʘʶʪ LLM.  

Data Fusion at the language level 



Socratic Models: ͟ ͊͟ ͍͙͊ͫͭ͊ͭ͘Έ ͪ͊ͤ͘·͔ ͔ͦͭ͒͡· ζ͎ͣͦ͊͘η 
ͪ͊͋ͦͭ͊ͭΈ ͍͔͔ͣͫͭΦ ˻ͭ GhatGPT ͟ ;͊ͭͯ ˮˮ-͎͔͍͊ͤͭͦ  

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022 

çʉʦʢʨʘʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠè ʵʪʦ ʩʧʦʩʦʙ 

ʧʦʩʪʨʦʝʥʠʷ ʨʘʩʰʠʨʷʝʤʦʛʦ ʢʦʣʣʝʢʪʠʚʘ 

ʀʀ-ʘʛʝʥʪʦʚ ʩ çʦʪʢʨʳʪʳʤè ʩʧʠʩʢʦʤ 

ʟʘʜʘʯ ʠ ʪʠʧʦʚ ʜʘʥʥʳʭ, ʜʣʷ ʨʘʙʦʪʳ ʩ 

ʢʦʪʦʨʳʤʠ ʜʦʙʘʚʣʷʶʪʩʷ ʥʦʚʳʝ ʘʛʝʥʪʳ  

Multi-modal Learning 

ʈʝʰʝʥʠʝ: ʥʘʫʯʠʪʴ ʤʦʜʝʣʠ ʠʩʧʦʣʴʟʦʚʘʪʴ ʟʘʧʨʦʩʳ,  

ʠ ʧʫʩʪʴ ʤʦʜʝʣʠ ʦʙʱʘʶʪʩʷ ʤʝʞʜʫ ʩʦʙʦʡ   

Data Fusion 

at the agent level 

ɻʠʧʦʪʝʟʘ: ʜʣʷ ʵʪʦʛʦ 

ʚʩʝ ʚʭʦʜʥʳʝ ʠ 

ʚʳʭʦʜʥʳʝ ʜʘʥʥʳʝ 

ʥʫʞʥʦ ʧʝʨʝʚʝʩʪʠ ʚ 

ʪʝʢʩʪʦʚʫʶ 

ʤʦʜʘʣʴʥʦʩʪʴ, ʩ 

ʢʦʪʦʨʦʡ ʨʘʙʦʪʘʶʪ 

LLM.  

ʇʨʦʙʣʝʤʘ: ʜʣʷ ʦʙʫʯʝʥʠʷ ʥʫʞʥʘ 

ʦʛʨʦʤʥʘʷ ʤʫʣʴʪʠʤʦʜʘʣʴʥʘʷ ʙʘʟʘ  



Socratic Models: ͟ ͊͟ ͍͙͊ͫͭ͊ͭ͘Έ ͪ͊ͤ͘·͔ ͔ͦͭ͒͡· ζ͎ͣͦ͊͘η 
ͪ͊͋ͦͭ͊ͭΈ ͍͔͔ͣͫͭΦ ˻ͭ GhatGPT ͟ ;͊ͭͯ ˮˮ-͎͔͍͊ͤͭͦ  

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022 

ɺʥʫʪʨʠ ʨʘʙʦʪʘ çʩʦʢʨʘʪʠʯʝʩʢʦʡ ʤʦʜʝʣʠè 

ʜʝʡʩʪʚʠʪʝʣʴʥʦ ʚʳʛʣʷʜʠʪ ʢʘʢ ʯʘʪ ʀʀ-ʘʛʝʥʪʦʚ! 
ʄʝʪʦʜ ʉʦʢʨʘʪʘ ï ʨʝʰʝʥʠʝ ʟʘʜʘʯʠ ʧʫʪʝʤ ʜʠʘʣʦʛʘ 

Data Fusion 

at the agent level 



https://arxiv.org/abs/2108.07258                          https://blog.inten.to/foundation-models-b89e7610057    

Foundation Models (2020+) 

In recent years, a new successful paradigm for 

building AI systems has emerged: Train one 

model on a huge amount of data and adapt it 

to many applications. We call such a model a 

foundation model. 

Foundation models (e.g., GPT-3) have 

demonstrated impressive behavior, but can fail 

unexpectedly, harbor biases, and are poorly 

understood. Nonetheless, they are being 

deployed at scale. 

ʀʜʝʷ: ʦʙʫʯʠʪʴ ʦʜʥʫ ʤʦʜʝʣʴ ʥʘ 

ʙʦʣʴʰʦʤ ʦʙʲʝʤʝ ʜʘʥʥʳʭ, ʘ ʧʦʪʦʤ 

ʩʨʘʟʫ ʧʨʠʤʝʥʷʪʴ ʝʝ ʜʣʷ ʤʥʦʞʝʩʪʚʘ 

ʧʨʠʣʦʞʝʥʠʡ 

ʀʜʝʷ ʩʣʘʡʜʘ: Grigory Sapunov, NLP in 2021, OpenTalks.AI / 2022 

Zero-shot / Few-Shot 

https://arxiv.org/abs/2108.07258
https://blog.inten.to/foundation-models-b89e7610057
https://blog.inten.to/foundation-models-b89e7610057
https://blog.inten.to/foundation-models-b89e7610057
https://blog.inten.to/foundation-models-b89e7610057
https://blog.inten.to/foundation-models-b89e7610057


 
 
 
 
 
 
 
 
 
 
 
 
 

͔̅ͯͤ͒͊ͣͤͭ͊͡Έͤ·͔ ͔͙ͣͦ͒͡ ͒͡Ύ CV 
(Zero-Shot Solving Classical CV Tasks)  

͍͔̂ͪͦͤΈ ͫͼ͔ͤ· 

͍͔̂ͪͦͤΈ ͦ͋Ά͔͍ͭͦ͟ 

͍͔̂ͪͦͤΈ ͙͍ͨͪͤ͊ͦ͘͟ 

͍͔̂ͪͦͤΈ ͙͔͙ͦ͋ͪ͊͗ͤ͘Ύ 

͍͙̂ͪͦͤ ͙͊ͤ͊͊͘͡ ͒͊ͤͤ·ͻ ͍ CV 

͙͊ͫͫ͟͡ͺ͙͊͟ͼ͙Ύ ͙ ͙͙͔ͦͨͫ͊ͤ ͫͼ͔ͤ όͦͭͤͦ΄͔͙ͤΎΣ ͔͚͍͙͒ͫͭΎύΣ VQA  

͔͙͔ͦ͋ͤ͊ͪͯ͗ͤ ͦ͋Ά͔͍ͭͦ͟Σ ͔͙ͫͣ͊ͤͭ;͔ͫ͊͟Ύ ͔͎͔ͫͣͤͭ͊ͼ͙ΎΧ 

ͦͫͦ͋·͔ ͭͦ;͙͟Σ ͙͙͙ͤ͡Σ ͎ͯ͡·Σ ͙ͦ͋͊ͫͭ͡Σ ͦͤͭͯͪ͟·Σ ͔ͭͫͭͯͪ͊͟Χ 

͙͔ͨͫ͟͡· ό͔͙͔ͨͦͦ͗ͤ͡Σ Ύͪͦͫͭ͟ΈΣ ͼ͍͔ͭύ 



Fundamental Models for Vision Tasks Overview 

ˤ͙͙͒ͣͦΣ ͡Ό͋͊Ύ ͫͦ͗ͤ͊͡Ύ ͍͙ͯ͊͘͡Έͤ͊Ύ ͊͒͊͘;͊ ͔ͣͦ͗ͭ ͫͭ͊ͭΈ 
͙ͫͭͦ;͙ͤͦͣ͟ ͒͡Ύ ͨͦͯ͡;͔͙ͤΎ ͺ͔ͯͤ͒͊ͣͤͭ͊͡Έ͚ͤͦ ͔͙ͣͦ͒͡Σ 
ͦͭͦͪͯ͟Ό ͔ͤ ͙͔ͨͪ͒ͭͫΎ ͨͦͭͦͣ ͒ͦͦ͋ͯ;͊ͭΈ ͒ ͡Ύ ͔ͪ΄͔͙ͤΎ ͍ͤͦ·ͻ 
͊͒͊͘;Υ ͍͊͗ͤͦΣ ;ͭͦ͋· ͍ ͔͚ͤ ͍·͙ͪ͊͋ͦͭ͊ͫ͡Έ ͤͯ͗ͤ·͔ ͙͙ͨͪͤ͊͘͟  

˹͊ ͚͊ͦ͟͟ 
͊͒͊͘;͔  

͔ͨͪ͒ͦ͋ͯ;͙ͭΈ  
a͔ͯͤ͒͊ͣͤ-
ͭ͊͡ΈͤͯΌ 
͔ͣͦ͒͡Έ 
 ͒ ͡Ύ CV? 

MAE + Weakly-

supervised 

 pretraining (WSP) 

Discriminative 
 Self-supervised 

 Pre-training 

2024! 

Supervised  Self-supervised  

͍͔̂ͪͦͤΈ ͙͔͙ͦ͋ͪ͊͗ͤ͘Ύ 

2023! 

2023! 

͍͔̂ͪͦͤΈ ͫͼ͔ͤ· 

͍͔̂ͪͦͤΈ ͦ͋Ά͔͍ͭͦ͟ 



DINOv2: Learning Robust Visual Features without Supervision 

DINOv2: Learning Robust Visual Features without Supervision. Meta AI Research, 2024. 

͔̅ͯͤ͒͊ͣͤͭ͊͡Έͤ͊Ύ 
͔ͣͦ͒͡Έ ͒ͦ͗ͤ͊͡ ͙͔ͣͭΈ 

͙͍͔ͯͤͪͫ͊͡Έͤ·͔ ͙ 
ͪͦ͋͊ͫͭͤ·͔ ͙͙ͨͪͤ͊͘͟ empirical evaluation: Patch matching 

empirical evaluation: PCA of patch features  

͍͔̂ͪͦͤΈ ͙͍ͨͪͤ͊ͦ͘͟ 



Image Captioners Are Scalable Vision Learners Too 

Image Captioners Are Scalable Vision Learners Too. Google DeepMind, 2023. 

We presented an extensive comparison of vision encoders pretrained with a 
contrastive and generative (captioning) objective and found that the 
generatively pretrained encoders obtain better performance when used for 
captioning, VQA, fine-grained and few-shot classification tasks, while achieving 
competitive performance in classification overall. In conclusion, we established 
plain image captioning as a competitive pretraining strategy for vision 
backbones from image-text data 

Pretraining: ʂʘʢʘʷ ʧʨʦʢʩʠ-ʟʘʜʘʯʘ ʣʫʯʰʝ 

ʚʩʝʛʦ? (ɸʥʘʣʦʛ ʢʣʘʩʩʠʬʠʢʘʮʠʠ ʥʘ ImageNet)  



MAE pre-pretraining for billion-scale pretraining 

The effectiveness of MAE pre-pretraining for billion-scale pretraining. Meta AI, 2024. 

Pre-pretraining Masked Autoencoder (MAE) learns visual 
representations from image datasets without using any 
labels. MAE randomly masks 75% of an image and trains the 
model to reconstruct the masked input image by minimizing 
the pixel reconstruction error. 
Weakly-supervised pretraining (WSP) leverages images 
ǿƛǘƘ ŀǎǎƻŎƛŀǘŜŘ ΨǿŜŀƪΩ ǎǳǇŜǊǾƛǎƛƻƴ ŦƻǊ ǘǊŀƛƴƛƴƎ ƳƻŘŜƭǎΦ ²Ŝ 
convert the text into a discrete set of labels, specifically 
leveraging hash-tag information We then use a multi-label 
classification loss to train models. We refer to this method 
as WSP. 
a!9Ҧ²{tΣ ƻǊ a!²{ for short, first trains the encoder 
using the MAE self-supervised method using only the 
images. This pre-pretraining stage initializes the model 
while simultaneously being computationally efficient 
because of the masking used in MAE. In the second stage, 
we pretrain the encoder using both the image and 
associated weak supervision. This combination 
outperforms using either strategy in isolation, i.e., an MAE 
model or a weakly supervised model trained from scratch. 
 

MAE + Weakly-supervised 

 pretraining (WSP) 



DINOv2: Learning Robust Visual Features without Supervision 

DINOv2: Learning Robust Visual Features without Supervision. Meta AI Research, 2024. 

Overview of our data processing pipeline. 
Images from curated and uncurated data sources 
are first mapped to embeddings. Uncurated 
images are then deduplicated before being 
matched to curated images. The resulting 
combination augments the initial dataset 
through a self-supervised retrieval system. 

Discriminative Self-supervised 
Pre-training 
We learn our features with a 
discriminative self-supervised method 
that can be seen as a combination of 
DINO and iBOT (Zhou et al., 2022), 
losses with the centering of SwAV 
(Caron et al., 2020). We also add a 
regularizer to spread features and a 
short high-resolution training phase. 

Discriminative Self-
supervised Pre-training 

DINO: DIstillation with NO labels. DINO simplifies self-
supervised ViT training by directly predicting the output 
of a teacher network (built with a momentum encoder) 
by using a standard cross-entropy loss. 

The recent breakthroughs in natural language processing for model 
pretraining on large quantities of data have opened the way for similar 
foundation models in computer vision. These models could greatly 
simplify the use of images in any system by producing generalpurpose 
visual features, i.e., features that work across image distributions and 
tasks without finetuning. This work shows that existing pretraining 
methods, especially self-supervised methods, can produce such features 
if trained on enough curated data from diverse sources. We revisit 
existing approaches and combine different techniques to scale our 
pretraining in terms of data and model size. 

Emerging Properties in Self-Supervised Vision Transformers, 2021 



DINOv2: Learning Robust Visual Features without Supervision 

DINOv2: Learning Robust Visual Features without Supervision. Meta AI Research, 2024. 

Visualization of the first PCA components. We compute a 
PCA between the patches of the images from the same 
column (a, b, c and d) and show their first 3 components. 
Each component is matched to a different color channel. 
Same parts are matched between related images despite 
changes of pose, style or even objects. Background is 
removed by thresholding the first PCA component. 

Qualitative Results. PCA of patch features. 
1) our unsupervised foreground / background detector, 
performs very well and is capable of delineating the 
boundary of the main object in the picture.  
2) other components correspond to "parts" of objects and 
match well for images of the same category( emerging 
property ς model was not trained to parse parts of objects).  

empirical evaluation: PCA of patch features  

Foundation 
models in 
computer 
vision should 
have features 
that work 
across image 
distributions 
and tasks 
without 
finetuning!  

͔̅ͯͤ͒͊ͣͤͭ͊͡Έͤ͊Ύ 
͔ͣͦ͒͡Έ ͒ͦ͗ͤ͊͡ ͙͔ͣͭΈ 

͙͍͔ͯͤͪͫ͊͡Έͤ·͔ ͙ 
ͪͦ͋͊ͫͭͤ·͔ ͙͙ͨͪͤ͊͘͟ 



DINOv2: Learning Robust Visual Features without Supervision 

DINOv2: Learning Robust Visual Features without Supervision. Meta AI Research, 2024. 

Matching across images. We match 
patch-level features between images 
from different domains, poses and even 
objects that share similar semantic 
information. This exhibits the ability of 
our model to transfer across domains 
and understand relations between 
similar parts of different objects. 

Qualitative Results. Patch matching. 
Finally, we explore what type of 
information our patch-level features 
contain by matching them across images. 
We start by detecting the foreground 
object using the procedure described 
above. Then, we compute the euclidean 
distance between patch features extracted 
from two images and map them by solving 
an assignment problem. In order to reduce 
the number of matches, we then apply a 
non-maximum suppression.  

Foundation 
models in 
computer 
vision should 
have features 
that work 
across image 
distributions 
and tasks 
without 
finetuning!  

͔̅ͯͤ͒͊ͣͤͭ͊͡Έͤ͊Ύ 
͔ͣͦ͒͡Έ ͒ͦ͗ͤ͊͡ ͙͔ͣͭΈ 

͙͍͔ͯͤͪͫ͊͡Έͤ·͔ ͙ 
ͪͦ͋͊ͫͭͤ·͔ ͙͙ͨͪͤ͊͘͟ 

empirical evaluation: Patch matching 



Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image 
embedding that can then be efficiently queried by a variety of input prompts to produce object 
masks at amortized real-time speed. For ambiguous prompts corresponding to more than one object, 
SAM can output multiple valid masks and associated confidence scores. 

Foundation model for segmentation with three interconnected components: a promptable 
segmentation task, a segmentation model (SAM) that powers data annotation and enables zero-shot 
transfer to a range of tasks via prompt engineering, and a data engine for collecting SA-1B, our 
dataset of over 1 billion masks. 

̆ˮ́ ˮˮ 
2023! 

Segment Anything, !ƭŜȄŀƴŘŜǊ YƛǊƛƭƭƻǾΣ ΧΣ Piotr DollËar, Ross Girshick, Meta AI Research, FAIR, 2023 

SAM: Segment Anything, Foundation model for segmentation          ˭͊͒͊;͊ ͔͎͔ͫͣͤͭ͊ͼ͙͙ 
ͫͭͦ͡Έ ͔͗ ͺ͔ͯͤ͒͊ͣͤͭ͊͡Έͤ͊Η 



Faster Segment Anything: Towards Lightweight 
SAM for Mobile Applications, 2023 

ˤ aƻōƛƭŜ{!a ͍͊ͭͦͪ· ͔͙͙͊ͣͤ͘͡ ±ƛ¢-IΣ Ή͔ͤͦ͒ͪͦͣ͟ ±ƛ¢-S, 
͔ͯͣͤΈ΄͔͚ͤͤͦ ͍͔͙͔͚ͪͫ ±ƛ¢Φ  ˨͡Ύ ͦ͋ͯ;͔͙ͤΎ ͍͎ͤͦͦͦ {!a 
͍͊ͭͦͪ· ͔͙͙ͨͪ͒ͦ͗͡͡ ͔ͣͭͦ͒ ͔ͪ͊͒͘͡Έ͚ͤͦ ͙͙͒ͫͭ͡͡Ύͼ͙͙ 
͍ ͍͒͊ Ήͭ͊ͨ͊: ͒ ͙͙ͫͭ͡͡Ύͼ͙Ύ Ή͔ͤͦ͒ͪ͊͟ ͙͔͙͚ͦ͋ͪ͊͗ͤ͘ ͙ 
͒ͦͦ͋ͯ;͔͙͔ͤ ͔͔͒ͦ͒ͪ͊͟ ͣ͊ͫͦ͟. 

https://habr.com/ru/companies/sberdevices/articles/757606/ 

aƻōƛƭŜ{!a ͍ слҌ ͪ͊͘ ͔ͣͤΈ΄͔ ͨͦ ͔ͪ͊ͣͪͯ͘ ͙ ͙ͨͪ Ήͭͦͣ 
͙͔͔ͣͭ ͊͟;͔͍ͫͭͦΣ ͍͙͔ͫͪ͊ͤͣͦ ͫ ͙͎͙ͦͪͤ͊͡Έͤ·ͣ {!aΦ 
MobileSAM ͍  п ͪ͊͊͘ ͋·͔͔ͫͭͪ ͙ ͍ т ͪ͊͘ ͔ͣͤΈ΄͔Σ ;͔ͣ 
FastSAMΦ aƻōƛƭŜ{!a ͣͦ͗ͤͦ ͦ͋ͯ;͙ͭΈ ͤ͊ ͦ͒ͤͦͣ Dt¦ 
͔͔͔ͣͤ ;͔ͣ ͊͘ ͔͒ͤΈΣ ͊ ͙ͤͺ͔͔ͪͤͫ ͚ͦ͒ͤͦ ͙͙͊ͪͭͤ͟͟ 
͙͔͊ͤͣ͊ͭ͘ мл ͣͫΦ 

ˢ͍ͭͦͪ· ͔͙͙͊ͣͤ͘͡ ͭΎ͖͗͡·͚ Ή͔ͤͦ͒ͪ͟ ±ƛ¢ ͍ {!a ͤ͊ 
͍͖ͫͪͭͦ;ͤ·͚ ͔͔͒ͭͭͦͪ͟ YOLOv8-segΦ ˣ͎͊ͦ͒͊ͪ͡Ύ Ήͭͦͣͯ ͯ͒͊ͦͫ͡Έ 
͙͒ͦ͋ͭΈͫΎ ͔͙ͯͫͦͪͤ͟Ύ ͍ рл ͪ͊͘Σ ͫͦͻ͙͍ͪ͊ͤ ͊͟;͔͍ͫͭͦ 
͔͙͚ͨͪ͒ͫ͊͊ͤ͘͟ ͤ͊ ͍͙ͫͪ͊ͤͣͦͣ ͍͔ͯͪͦͤΦ ˸͔ͭͦ͒ Cŀǎǘ{!a 
͙ͫͦͫͭͦͭ ͙͘ ͍͒ͯͻ Ή͍ͭ͊ͨͦΥ ͔͎͔ͫͣͤͭ͊ͼ͙Ύ ͍͔ͫͻ ͦ͋Ά͔͍ͭͦ͟ ͤ͊ 
͙͔͙͙ͦ͋ͪ͊͗ͤ͘ ͙ ͍·͋ͦͪ ͦ͋Ά͔ͭ͊͟ ͎ͫͦ͊ͫͤͦ͡ ͨͪͦͣͨͭͯ. 

Fast Segment Anything, 2023 

Fast & Faster Segment Anything: SAM ͔ ΅͔ ͋·͔͔ͫͭͪ ͙ ͔͔ͦͣͨ͊ͭͤ͟͟ 



Grounding DINO: Marrying DINO with Grounded Pre-Training for Open-Set Object Detection, 2023 

(a) Closed-set object detection requires models to detect objects of pre-defined categories. (b) Previous work zero-shot transfer models to novel categories 
for model generalization. We propose to add Referring expression comprehension (REC) as another evaluation for model generalizations on novel objects 
with attributes. (c) We present an image editing application by combining Grounding DINO and Stable Diffusion 

˭͊͒͊;͊ ͔͙ͦ͋ͤ͊ͪͯ͗ͤΎ 
ͫͭͦ͡Έ ͔͗ ͺ͔ͯͤ͒͊ͣͤͭ͊͡Έͤ͊Η 

Grounding DINO: Open-Set Object Detection 


