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CLIP : Encoder-based

(#) Contrastive pre-training (2) Create dataset classifier from label text
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* clip:learning transferable visual models from natural language supervision 2021
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ALBEF : Fusion-encoder-based
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* Align before Fuse: Vision and Language Representation Learning with Momentum Distillation
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SimVLM : Encoder-decoder-based
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* SIMVLM: SIMPLE VISUAL LANGUAGE MODEL PRETRAINING WITH WEAK SUPERVISION
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* BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language Understanding and Generation
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ITC, ITM, ITG loss
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ITC, ITM, ITG loss
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e I'TG loss

Auto-regressive M O 2 Cross entropy loss

il
ca
1o
Tot

P
>
10
o
0 p

0 p)]

i
ot
[
ot
R
rot
rE
=2
19

MISIH, g-former?t H 2|2 S A0 FHIO|E.

13



04 Method

Vision-and-Language
Representation Learning

Vision-to-Language
Generative Learning
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* BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models
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* BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models
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Q-former
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Stage 2

EMBEDDING LAYER

(Matrix: Vocabulary Size x Hidden
Dimension, e.g., 50k x 4098)

d=0 dT“I d=2 d=4085
2. EMBEDDING 3, HIGH-DIMENSIONAL o % '.
1. TOKENIZATION LOOKUP VECTOR QUTPUT - ]
USER INPUT: i TOKENIZER :
“Cat” {e.g., SentencePiece)
el Row Vector
Tokens: tor “Cat
‘C-a-t —» TokenlD: EMEBEDDING LAYER HIGH-DIMENSIONAL EMBEDDING VECTOR
[_Cat’], [_Cat"] 4893 (Matrix: Vocabulary Size x Hidden (1x4086)

Dimension, e.q., 50k x 4086)

o LUIMOILLM: AFEX}7L "Cat"0|2t= THO{E RS, Tokenizer’t O| & EEL 2 HE —
Embedding Layer/} E2& AR HE 2 B2 [x4096.

e BLIP2: Q-Former= O|O|X|& E 11 32x7682| HIE|E &3, Fully Connected Layer=2 LLM =1}
XA S &, WA E 32x4096 3 7(2| HIE S LLME| el HIAE AH|S 2 E0i Concat.
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Stage 2
*
D HE D ] ]\ Output Text [ a cat wearing sunglasses ]
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Large Language Model 4 Bl Encoder i Connected ~ L
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) El=E==) \-[D 0-00](acat |
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Model Pre-training

« BLIP2} S et O|O|E{ Al
COCO, Visual Genome, CC3M, CC12M, SBU, LAION400M
e CapFilt 8

1071 BN = 48 > RAE 7P E == 04 > &2 2712 BN T F5%7 StLE AFE.

e Foundation model

Image - CLIP : ViT-L/14, EVA-CLIP : ViT-g/14
Language - OPT, FlanT5
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. O] & AL O
Zero-shot Image-to-Text Generation O[0jX|Zt 211 = + Gl= =X
r -
Models #Trainable #Total VQAv2 @
Params Params | val test-dev test- dev
VL-T5n0-vqa 224M 269M 13.5
FewVLM (Jin et al., 2022) 740M 785M 47.7 - 16.5 29.3
Frozen (Tsimpoukelli et al., 2021) 40M 7.1B 29.6 - 5.9 -
VLKD (Dai et al., 2022) 406M 832M 42.6 44.5 13.3 -
Flamingo3B (Alayrac et al., 2022) 1.4B 3.2B - 49.2 41.2 -
Flamingo9B (Alayrac et al., 2022) 1.8B 9.3B - 51.8 44.7 -
Write a romantic message FlEI.I'I’llIlgDSOB (Alayrac et al., 2‘022) 10.2B 80B - 56.3 50.6 -
that goes along this photo. 8 BLIP-2 ViT-L OPT 7 104M 3B | 501 497 30.2 33.9
BLIP-2 ViT-g OPT, 7 107M 3.8B 53.5 52.3 31.7 34.6
Love is like a SU”SEL it's hard to BLIP-2 VlT-g OPT(,?B IUSM 7.8B 54.3 526 364 364
see it coming but when it does it's BLIP-2 ViT-L FlanT5x. 103M 3.4B 62.6 62.3 394 44 .4
él so beautiful. BLIP-2 ViT-g FlanT5x;. 107M 4.1B 63.1 63.0 40.7 442
x y BLIP-2 ViT-g FlanT5xx 108M 12.1B 65.2 65.0 45.9 44.7
Table 2. Comparison with state-of-the-art methods on zero-shot visual question answering.
= o] I @) A R L = o
Image + text=S LLM2| input@ = At [HH|ZOZ [ Ms0| =L

DOl S H = X N0 s HE A -r| o Beam search & 2.

_ image encoder, LLM AfEA| 850] £3.
Length-penaltyS -12 880 W2 gHS S 7

21
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Image captioning, Visual Question Answering

Image captioning- ‘a photo of’

o
'ITE I E 2 E_-I!ﬁE AHJk'lE

==y

10

o O

Models #Trainable VQAv2
Params test-dev test-std
Open-ended generation models
ALBEEF (Liet al., 2021) 314M 75.84  76.04
BLIP (Li et al., 2022) 385M 78.25  78.32
OFA (Wang et al., 2022a) 930M 82.00  82.00
Flamingo80B (Alayrac et al., 2022) 10.6B 82.00 82.10
BLIP-2 ViT-g FlanT5y 1.2B 81.55 81.66
BLIP-2 ViT-g OPT; 75 1.2B 81.59 81.74
BLIP-2 ViT-g OPTg 78 1.2B 82.19 82.30
Closed-ended classification models
VinVL 345M 76.52  76.60
SimVLM (Wang et al., 2021b) ~1.4B 80.03  80.34
CoCa (Yu et al., 2022) 2.1B 82.30  82.30
BEIT-3 (Wang et al., 2022b) 1.9B 84.19 84.03

VQA- O|0X| S HIZO 2 Fat4 ’é!%Oﬂ CHSt & B A4
A F textE Q-formerl| YHO = H0O
A=0| CHet H0| focusotAl F k.

e E2S

O £ Query2t 2 & text/}
LLMO| input@ = UHE.

22

* BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models
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Image-Text Retrieval

#Trainable Flickr30K Zero-shot (1K test set) COCO Fine-tuned (5K test set)
Model Params Image — Text Text — Image Image — Text Text — Image
R@] R@5 R@]0 R@] R@5 R@Il0|R@] R@5 R@10 R@] R@5 R@I10
Dual-encoder models
CLIP (Radford et al., 2021) 428M 88.0 987 994 687 906 952 - - - - - -
ALIGN (Jia et al., 2021) 820M 88.6 987 997 757 938 968 | 770 935 969 599 833 898
FILIP (Yao et al., 2022) 417M 89.8 992 998 750 934 963 | 789 944 974 612 843 90.6
Florence (Yuan et al., 2021) 893M 90.9 99.1 - 76.7 93.6 - 81.8 95.2 - 63.2 85.7 -
BEIT-3(Wang et al., 2022b) 1.9B 949 999 100.0 81.5 956 978 | 848 965 983 672 877 928
Fusion-encoder models
UNITER (Chen et al., 2020) 303M 83.6 957 9777 687 892 939 | 657 886 938 529 799 88.0
OSCAR (Liet al., 2020) 345M - - - - - - 700 91.1 955 540 80.8 88.5
VinVL (Zhang et al., 2021)  345M - - - - - - 754 929 96.2 588 835 90.3
Dual encoder + Fusion encoder reranking
ALBEEF (L1 et al., 2021) 233M 941 995 997 828 963 981 | 776 943 972 60.7 843 90.5
BLIP (Li et al., 2022) 446M 96.7 100.0 100.0 86.7 973 98.7 | 824 954 979 651 863 91.8
BLIP-2 ViT-L 474M 96.9 100.0 100.0 B88.6 97.6 989 | 835 96.0 980 663 86.5 O9l.8
BLIP-2 ViT-g 1.2B 97.6 100.0 100.0 89.7 98.1 989 | 854 970 985 683 87.7 926

EIAE MM ZA0| OIL|2E, LLM 10| ViT + Q-FormerTt A,

zero-shotOl| A O FO{F M.

* BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models
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:t7|. EFAH

T a1

e Visual Instruction Tuning

Language Model fqg,

Language Response X, . . .

Projection W
cecton™ (7, H fH
e e X, Image Xq Language Instruction
Conversation Detail description  Complex reasoning  All
OpenFlamingo [5] | 19.3 £ 0.5 19.0 = 0.5 19.1 0.7 19.1 =04
BLIP-2 [2¥] 546+ 14 20.1 1.2 32.9 = 0.7 38.1 £ 1.0
LLaVA 573+ 1.9 525+ 6.3 81.7+ 1.8 673+ 2.0
LLaVA' 58.8 = 0.6 49.2 + 0.8 81.4+0.3 66.7 + 0.3
blip22} CI= WSO 2 - formerJ—f Z2 H== H2|d
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ScienceQA A-OKVQA
IMG OCR-VQA OKVQA Direct Answer  Multi-choice
Val Test Val Test
. LLaVA [25] GIT [413] PalL. M-E(562B) [Y] [15] [37] [15] [27]
Previous SOTA 89.0 70.3 66.1 563 61.6 732 136
BLIP-2 (FlanT5xx1) 89.5 72.77 54.7 57.6 53.7 80.2 76.2
InstructBLIP (FlanT5xx1.) 90.7 73.3 55.5 57.1 54.8 31.0 76.7
BLIP-2 (Vicuna-7B) 77.3 69.1 59.3 60.0 58.7 72.1 69.0
InstructBLIP (Vicuna-7B) 79.5 72.8 62.1 64.0 62.1 75.7 73.4
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