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2018.06: GPT1.0 [117M Param]
Generative Pre-training + Finetuning
2019.02: GPT2.0 [1.5B Param]
Unsupervised Multitask Learners
2020.05: GPT3.0 [175B Param]
Few-Shot Learner

2022.11: ChatGPT(GPT3.5) [200B
Param]

Finetuning on GPT3.0 & 4096 Tokens
2023.03: GPT4.0 [? Param]

32768 Tokens
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« Next-Token-Prediction & Masked-Language-Modeling

"The cat sat on the”

"The [MASK] sat on the ”

B — T ES: HRTER., BS—iECF a9 PEERN BAT =E2k,

1. NKHER LAZRIX AT, FEftilieE—E8o=, R LEflFi=PR=8RE, fies3ss
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« In-Context Learning ( Prompt Learning )
MGPT-3 ZRI&EFFA BT —F in-context 35, Bl TFTXFS

FBFHAEI GPT-3: {R5E{S JioNLP 2MFARIRIE?
GPT-3%tH1: ERSRIFN,

GPT-3%itH2: JioNLPRHA%RE?

GPT-3#H3: {RIEAR, HAIREBHEEIE......
GPT-3%iH4: Do you think jionlp is a good tool?

AFBAE GPT-3: BIBLATHRXEIERZEN : RS JioNLP 21MFARITRIE?

H2ig? =>

Hrh ZEFNERL apple, B2— e, A HRERERIZE BT A,
fth zero-shot, 54— N\BFINU{E one-shot, #52/NE45I0UE few-shot,

The three settings we explore for in-context learning

Traditional fine-tuning (not used for GPT-3)

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

FAFBAZ GPT-3: {BBLATHRXEIERZEN: FER => apple; {RIE1S JioNLP 2/MFRHRIT i

Regtemiy

Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.

plush giraffe => girafe peluche

cheese =>
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- Reinforcement Learning from Human Feedback (A ZRiER4FES)
1. AT UHEZENFEAERT, RAECEI+ ASERIRR RIS TR REHI THE— R,
2. fEChatGPTER, 1BEIH402 M A RARTIBMREL R I N AR s, FIRL 2R, WERA(R
FRER, XEFELUIZGISEI— reward BHHREY,

Step1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

A prompt is A prompt and A new prompt »
sampled from our B the v several model Eoisi themecs is sampled from Writs mstory
prompt dataset. landing to a é year old outputs are landing to a & year old the dataset. about frogs

+ sampled. o o '
A |abeter Expliain gravity. Explain war The p0|IC\/ PRE

[ e )

demonstrates the [ c] . .0 generates v -
desired output R | Ponoue an output. Sy

: z : ¥
behavior. Some people went 3 *

to the moon...
Alabeler ranks

* the outputs from @ Pnce Upan 2 Hims
: : best to worst. |
This data is used SET ©-6-0-0 :
to fine-tune GPT-3 22 The reward model o
with supervised .‘QS.Q{/. | calculates a AR
learning. 2 . ) \ reward for ‘W‘
- This data is used i the output.
2EE to train our S {
Ly ( ]
reward model. W=y The reward is
—
0-0-0:-0 used to update I
the purgy

usingPrO.
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OpenAl GPT-4B&£E&ZE Ei% E509857

@OpenAI ChatGPT
GPT-1 Y GPT-2 Y GPT-3 Codex BN GPT-3.5 Y. N GPT-4
2018.06 2019.02 2020.05 2021.07 2022.03 2023.03

strong reasoning ability

decoder-only architecture  unsupervised multitask learner in-context learning code pre-training

generative pre-training scaling the model size exploring scaling limits

b o -

GPT-4 Turbo
2023.09

longer context window

code-davinci-002 Miadiay text-davinci-002 Yiamad text-davinci-003 gpt-3.5-turbo

2022.03 2022.03 2022.09 2023.03 GPT-4 Turbo with vision
2023.09
capable code model instruction following human alignment excellent comprehensive ability

multimodal ability

Zhao, WayneXin, et al. A Survey of Large Language Models.
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Zhao, WayneXin, et al. A Survey of Large Language Models.

X-InstructBLIP: A Framework for aligning X-Modal instruction-aware
representations to LLMs and Emergent Cross-modal Reasoning

, and

arkiv. 1234.56789 (€0 [0pen|in €olab’ +oial mentorship contribution.

Overview

# LLaVA: Large Language and Vision Assistant

Visual instruction tuning towards large language and vision models with GPT-4 level capabilities.

[+ 11

@& Community Contributions: [

@ OpenFlamingo

pypi package 201

| Blog posts: 1, 2 |
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l Vision-Language (VL) &R
VLEIMERR S A=/

1. 2014-2018%F: &l IRVREMKIRIT R TARRNESS

A} A — = 4— A U L i =, J VL' PTM
2. 2019-20214F (BERT&EE) D EIEAERERS RS ( )
B e 20175E-20185, NLP-PTMs —=PTMs+{HiEtE,—SOTAMEE
VLEGEEH T2, REReS=SIMmFhE e 20194 VL-PTMs FFEMRT{E
_%_ EgH%é%fﬂ_.E Large, Noisy, Free Data
 VILBERT = .,\ e
° UNITER e +  Word- ﬂeg on Alignment

bl
Little girl and her dog in rorthenn
Thailand. They both seemed

mnferested in what we wene doing

/ \

Tnmage
Enlli.m Captioming

VQA VCR

« JEKEPRIA: MR- EST)IGHREEH N



l Vision-Language (VL) &R
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CLIPRBGHTE (ZE4miS=s284)
o BLIPRHITE (JmhC-fRAS=52844)

« JEREBRI: MR- ESTUIGMEERIER NN A

VL-PTMshgiEi# (2019-2021)

HiE: £99.6ME&- A
RIBES: WMl + BRETT
TEFFEIE: SIRVL{ESS + THIRE

UNITER, OSCAR, Unicoder-VL,
VL-BERT, VLP, HERO, ActBERT

: 1 ’ .
VideoBERT, VisualBERT, ERNIE-VIL, VIiLT, VirTex,
VILBERT, LXMERT CLIP, WenLan, ALIGN, SimVLM
—,..-'"""_H_"""'--._
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VL{ESSHERL T SRSTRFHMESRIER SFFERIVESHFIBIZUES

VLERKESS (IHE: BiS-XFH)

Visual Language

R

Encoder Decoder

VQA & Visual Reasoning
Q: What is the dog holding with its paws? Caption: A dog is lying on the grass next
A: Frisbee. to a frishee.

Image Captioning

Text-to-Image Retrieval

Query: A dog is lying on the grass next
to a frisbee.

Negative Images

Text-to-Video Retrieval
Query: A dog is lying on the grass next to
a frisbee, while shaking its tail.

Negative Videos

Video Question Answerin

Q: Is the dog perfectly still? Caption: A dog is lying on the grass next
A: No. to a frisbee, while shaking its tail.

Video Captioning

JERERIR: MR- EST)

U=1=1

ARENER N N

“Cat sitting outside”

VLE#ES (BE: BiR-RE-FFR3)

Visual
Encoder

Answer

Hamburger
Prediction

What is she eating? ——

Image Classification
Labels: [dog, grass, frisbee]

Object Detection

Segmentation

dog, grass, frisbee

dog, grass, frisbee
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1. Text-Image / Image-Text Retrieval

LSy
——_—_

Image
DB

e

“a girl with a cat on grass” 21

. VQA2VLN2021 part1, part2
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2. Captioning & Visual Question Answering

What color are her eyes? How many slices of pizza are there?
What is the mustache made of? Is this a vegetarian pizza?

Dn-urtappurhbumh‘rﬂ

Is this parson axpecting company?
Whal is just under the tree? Does this person have 20/20 vision?

* VQA2VLN2021 part1, part2
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3. Visual Entailment

WLE R RIRHNSESHEERES, ERREMI—RAS—IBEGRIIEZEXR (E3/FL/FE)

Premise

* VQA2VLN2021 part1, part2

Two woman are holding e Entailment
packages.

The sisters are hugging e Neutral
goodbye while holding to

go packages after just -

eating lunch.

The men are fighting e Contradiction
outside a dell.

Hypothesis Answer
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4. Natural Language for Visual Reasoning

-""_'\. *‘.'. . _.T- ] e : __1.
The left image contains twice the number of dogs as the right One image shows exactly two brown acorns in back-to-back caps
image, and at least two dogs in total are standing. on green foliage.

* VQA2VLN2021 part1, part2
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5. Visual Commonsense Reasoning

VQA2VLN2021 part1, part2

Why is [persun4-] pointing at [ personT ]?

a) He is telling [person3% ] that [person1 ] ordered the pancakes.
b) He just told a joke. .
c) He is feeling accusatory towards [personi 3

d) Heis giving [personi! 1] directions.

| choose (a) because:

a) [personi ] has the pancakes in front of him.

b) [ 4 M | is taking everyone's order and asked for clarification.
c) [ 4| is looking at the pancakes and both she and
[person2 I&|] are smiling slightly.
—> d | . | is delivering food to the table, and she might not

know whose rdar is whose.
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6. More...

Visual Question Video-Language Visual Reasoning and Compositionall = Natural Language for
Answering (VQA) | Inference (VLI) Question Answering (GQA) | | Visual Reasoning (NLVR)

> Classificaton ——» - . - .
Visual Entailment | \Visual Commonsense  Category Recognition Grounding Referring
(VE) . _Reasoning (VCR) = (CR) | Expressions (GRE)

Multi-modal Sentiment

- » " Analysis (MSA)

] Vision-Language |
| Downstream Tasks —<—»  Retrieva > Retrieval (VLR) |

( g ] | Visual Captioning 'Novel Object Captioning at | : ]
“-—FL Generation -—hﬂ (VC) } Scale (NoCaps) ! [ Visual Dialogue (VD) |

o omrmse (i) ( Nevmior i | | e oo

. VQA2VLN2021 part1, part2
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FHF Feature Extraction

1. NMARSHIFEHEREE 2. ESESHIFEREY
« LSTM * C(CNN: Feature Maps
« BERT « ROI: Detected Objects

e ViT: 16*16 patch

 Pixel

3. SRS AVFFIERREY
SCIHENINE F4HIE, BIERNFE A
FHIERR GE AL

* temporal maxpooling / mean pooling
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Model Architecture

Language
Tokens i

Task Layer

F

“Interactions

Language Encoder |

Image Encoder

Tokenization & embedding

< : S
o] N LI |
ETokensE

J i i /i

Language

Tokenlzatlon%z embeddlng

(a) Dual Stream Models

1. Single-Stream VS. Dual-Stream

BRI BRI I AR EAS TR, A

TSRS ZESHEA, BELHEIUM merged attention, SEZEEES,

Task Layer

'y

Unified Encoder

Tokenization Tokenfzation
& embgdding i &embpdding

Language Images

(b) Single Stream Models

......... mmm mnm T ..........................................

Image &
‘language
Tokens

[SEINEAA Transformer LA,

--------------

Modality Fusion

..............

--------------

Text Embedding

..............

--------------

Visual Embedding

--------------

BYSHER

o WlR 2IEM I I A REFEREESE—R, MEREAZIR IR Transformertt, A3t

o

, MARBERNEFENSLIERESRE, RFittth#iilf co-attention,
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Model Architecture

glass frisbee glass frisbee glass frisbee </s>
A
[ Encoder ] Encoder > Decoder
J

T T T

<s> glass frisbee

A dog lying on A dog lying on
the [M] next the [M] next
| toa[M] | toa[M]
(a) Encoder-only (b) Encoder-Decoder

2. Encoder-only VS. Encoder-decoder

- KZSEVLP ZEUNE Bk, HTERSERERMAZET MLP NEHEREMRZEH, XM
ITBEAES V0L EBEESS, fla VQA AR

o IEHATTERR T —EET Transformer FY4mADes-fFISREERM, IBIRSRTBSRMENRLSE, AEENBLE.
EXEARRR, s E R R ERIBss NS CRIERRYIRIC, LIBEIF S El. AJLASSISHhE
&SI HIGE—H0 Vi RN/ DEAZS, FEERBAIESEMSANES.



| vereszmisEE
Filll&ARzz81. Masked Language Modeling (MLM)

Lam(0) = _E{w,v)mD log Py (Wm | Wim; V) = Image Regions: v = {v1,...,Vx }
= Sentence Tokens: w = {wy,...,wr}
dog = Masking Indices: m € NM

A
|

UNITER

S S S
man with his [MASK]:--

Masked Language Modeling (MLM)

« tostraightforwardf—FrERE, BEGIEIE—FPFIARItoken
- EBBELLMsHEMasked-Language-Modeling Bir, E&EGFRINXAESH TMaskFL
« BAM maskIFT91EftokenaYRAZE
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Fi)ll&ERZz02. Masked Vision Modeling (MVM)

« REMLM, RANIENEREEE R patchly token #HiThEImask
« [FREALETERIRINEHERIFTE X AFHERER FEER mask BIMTEHIE

2.1 Masked Region Feature Regression (MRFR)

- i = Image Regions: v = {v1,...,Vx }
i — (1)) _ @\ m Sentence Tokens:w = {wi,...,w
. (vm ‘ V"-““W) ; » (Vm) ' (Vm) ’ s Masking Indices: m € N{ML T}
ho(vi)) r(viy)
e | + 15 mask SRR SR
Il EREERNRE, AER
UNITER tE AR NAEZ BN A L2 [])3

1
.man with hls dcg -

{t}

m
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Fi)ll&ERZz02. Masked Vision Modeling (MVM)

« REMLM, RANIENEREEE R patchly token #HiThEImask
« [FREALETERIRINEHERIFTE X AFHERER FEER mask BIMTEHIE

2.2 Masked Region Classification (MRC)
A = Image Regions: v = {v1,...,Vx }
fo (Vin | Vim,w) = ) CE (‘3 (vﬁf) » 96 (fom})) = Sentence Tokens: w = {wy,...,wr}
1=1

= Masking Indices: m € NM

g(vi) e RE  ¢(v?) e RE

1

« ZIFUN mask FHIERIXIZTIEN 3L, VLP
RIS mask RHEROR RS FC 2
UTTNRISEERIA S, REH—SE
UNITER | softmax B EEEEATTNIA—HL5 75

TR - - T t
o man with his dog --

— dog
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Fi)ll&ERZz02. Masked Vision Modeling (MVM)

« REMLM, RANIENEREEE R patchly token #HiThEImask
« [FREALETERIRINEHERIFTE X AFHERER FEER mask BIMTEHIE

2.3 Masked Region Classification — KL Divergence (MRC-KkI)
M = Image Regions: v = {vy,...,vg }
fo (Vi | Vim, W) = ZDKL (5 (Vr[rln)) 1gs (vﬁf)) = Sentence Tokens: w = {wy,...,wr}
o = Masking Indices: m € NM
gpo(vl)) eR®  &v()) eRX

Il

- 5SMRCHME, EXE, NMERBENWHIZEE
MirEAEAground truth, mEFNI—1

UNI'I;ER ] distribution over semantic classes (soft
A= " & A v R _
B8 man win his dog - label) , fEFAKLEUETERS%
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FaillgAzat 3. Image-Text Matching (ITM)

n FIETZRE] text-image pair@ A ElLHD: JFEFRY [IMG] tokenFI3ASHY [CLS] token #H{TULHEC

Litm(0) = —E(wv)~D ylog sp(w,v) + (1 —y) log (1 — sg(w, Vm)

Y: 0/

UNITER

o IR R T S
- o [CLS] the bus is -

BT : Vision-Language Contrastive Learning

- V0P {RELGFHMMRIVAIR =i fies FC B/ sigmoid REILATEN 0 2 1
ZIBRIZE, H 0 RrAAESARE, 1 FieihiE= L.

- mligsEAIE), VLIP REES—SNEUESEFRFIENEN. 2B
MRt A R B LRI B R BRI T AN PRI IO B S AN K BIEERY.




l A summary

VLPRIFHIERAY: MPRE / BIRIRS / RS

VLPRUZRHEX 3 (IRSAFMEESHITRIEAME)  Single-Stream VS. Dual-Stream
VLPRIZRHEX 3 (BEAESWiEeSAZfE88) Encoder-only VS. Encoder-decoder

Fi)ll&ERZz01. Masked Language Modeling (MLM)
Fi)ll&Azz6 2. Masked Vision Modeling (MVM)
Filll&Azt 3. Image-Text Matching (ITM)
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VILBERT

-

Embed Co-TRM " TRM | hyo, by
I I
I I
I I
F———— I I
<CLS> Man shopping for fru1t ... <SEP> l : > L ;
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« dual-stream

« Image Features: detected objects (Rol) + 5-d spatial location vector

5-d vector: region position (normalized top-left and bottom-right coordinates)
and the fraction of image area covered (X Fr+XEHEER)
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VIiLBERT
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(a) Masked multi-modal learning (b) Multi-modal alignment prediction

Figure 3: We train VILBERT on the Conceptual Captions [24] dataset under two training tasks to
learn visual grounding. In masked multi-modal learning, the model must reconstruct image region
categories or words for masked inputs given the observed inputs. In multi-modal alignment prediction,
the model must predict whether or not the caption describes the image content.

« MVM: the model predicts a distribution over semantic
classes for the corresponding image region; KL divergence

« ITM: Predict Aligned / Not Aligned
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UNITER

UNITER Model

(Image Embedder ) (Text Embedder
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Masked Language Modeling (MLM) Masked Region Modeling (MRM) Image-Text Matching (ITM)

« single-stream

« Image Input: detected objects (Rol)
« Text Input: tokens

« Pretrained on MLM / MVM / ITM
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

TH R EIE S T | AR B R FRRY RS

» Motivation: HEIINITENLRFH)ISGK—FrDRRS, MERN 7 HERNZS!
FRYZHE (FERFYMIETREESRE) . AEERNERNRENAFFEIZ—INES
RIREAIENRGE, HEEmRAE ZRIAREEEE.



| wrsmEEss: CLIPREXMS:

2

CLIP: Connecting text and images with Contrastive Language-Image Pre-training

(1) Contrastive pre-training
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(2) Create dataset classifier from label text
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h 4

(3) Use for zero-shot prediction
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- train on large weakly paired text-image examples (WITiEE: 8 5400MEEMEERIESZT)
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

« Dataset: ETHEMNXE— 1 EBAEIR-NAXEIRESE

L IMET, AFVIPHRIREIEE FEH3), MS-COCO.
Visual Genome. YFCC100M, BIWEZEATIER, BES
BREIEZE/, KAREF0.1M, YFCCI00MKAFH 100ME F,
EEREEN, FEFRIRFELEXNEZT, dEE, X1
FIEEAE/NE15M, KZFImageNetE R L K,

ZISEIBEIREA/]), OpenAlF CHE T —400MAYEL
ES, EMSKPME\MHITIRR, BPEIWRIHF 20K E
BR—2CK N, ZHIEEWIRAWIT (webimagetext) , i
BHGPT-2EANEAS
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

. I SRR BFITME—F

NEbFEINENRFEI—TMRARE: fix - F, DUFESHEOEARTE#GHRAT 8 A AYEE B EE 81 fmAE{U
R s, FEREE XA tripletloss Il %k:

ZRESXEEFES, NEFXAEESHEIEY, #HITWIEFIRE (FINEKR-XAX) | N THRERNEIESE TR
MER, A0 A7 AR RECE HRFZIHR AT AN, SEVEHFARY, RRULEHFARIRARR,
RNMCAEMALERANHIRNR . KAX—F A BRRE, AP ABEEEHR:  image-text contrastive (ITC) loss

1N exp(d(z! =T)/7)
L7 = N Zi:l log Zf=1 exp(d(z!.zl)/7)’

Lire = 5(Lisr + Lrop), 1 N exp(d(z] ,z;)/T)
Lror=—x 2im o8 s ir .n 7y
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

* Pretrained on ITM Task

N exp(d(zl,zI) /7
Lir = —% Zi:l log SN péxé(é(zg,);g‘im’

E=1

Lire = 3(Lisr + Lro1),s

1N exp(d(z; ,z1)/7)
Lrsr=—§ 2z 108 v o i 2 /my

# 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 ) “

(1) Contrastive pre-training
(1) Contrastive pre-training

# W_i[d_i, d_e] - learned proj of image to embed pepper the | [ ot m *D%EBE
Pepper the ||f] ot # W_t[d_t, d_e] - learned proj of text to embed aussie pup ||| —> gl 7\
aussie pup —»
Encoder l i l l # t - learned temperature parameter .
T # extract feature representations of each modality | T T, Ty Ty
T T, | T Ty I_f = image_encoder(I) #[n, d_i] .
T_f = text_encoder(T) #[n, d_t] : | '1 o [ 7 ’
T =1 | ] » i 1 vy (IeTy | heTy | 1Ty
1 LT | 1T | 1T LT # joint multimodal embedding [n, d_e] | | | | | |
I =12 1i Ldot(I_f, W i), is=1
| | | | | | e _norma. fze(np ot (I_: i) ax?s ) L T (BTN LT, |1y
Iy LTy | IpTy | 1Ty ” Iy Ty T_e = 12_normalize(np.dot(T_f, W_t), axis=1) [ | | s
I | . | i | # scaled pairwise cosine similarities [n, n
| ! : : [n, nl mage ol L1 |1 (B - (LT
Elmageer I LT | 1Ty [Ty Iy Ty logits = np.dot(I_e, T_e.T) * np.exp(t) 1cod| L
e # symmetric loss function
F £ i labels = np.arange(n) ___ || |
| 1 loss_i = cross_entropy_loss(logits, labels, axis=e) 5 | InT) | T | InTs ‘INAT“
| N
In INT) | IyTa | INT3 B ‘JNTN loss_t = cross_entropy_loss(logits, labels, axis=1) | ‘
! B L loss = (loss i + loss t)/2

XEMRMCAR, 735X FHFEncoder, MUBRRERAMEREN AL EHTER, MRNMCESTHERFENNR GERNEMBTE)

BExAMembedding [T, T,...,Ty 1 MUK Eembedding MKRE: FH WFRAYcross-entropy loss, SRNFREMENE—1T (B—KEBR, TEXAER
(I,1,..., IN], BESAFHITHRIRTE, B2—NNFRERE F) ME—3 (A—1XA&, REWEFR) 2 5)Kcross-entropy loss, ¥HEIMNFEA Ak
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

Y{AISCIRCLIPI)I|Z—LApytorch /a3l

vinson2233 c

Not really an issue, | just want to share my training code since some people still have some difficulties to write the training code.
Just modify the code to suit your usage.

Feel free to ask or point out any mistakes in my code.

device = "cuda:8" if torch.cuda.is_available() e

model, preprocess = clip.load("ViT-B/32",device=device,jit=False

cl image title dataset(Dataset):
def init (self, list image path,list txt):

self.image path = list image path
self.title = clip.tokenize(list txt) #

__len  (self):
return len(self.title)

__getitem (self, idx):
image = preprocess{Image.open(self.image path[idx])) # I
title = self.title[didx]

return image,title

~ own data
list_image path = ['folder/imagel.jpg’, 'folder2/image2.jpg’]
list txt = ['description for imagel.jpg' , 'description for imagel.jpg']
dataset = image title dataset(list image path,list txt)
train_dataloader = Dataloader(dataset,batch _size = BATCH SIZE) #
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

Y{AISCIRCLIPI)I|Z—LApytorch /a3l

- B#E: Jf+4ground-truth2—1m

arangesk&2? [0,1,2,3,...len(images)]

loss_txt = nn.Cr 5
optimizer = opti .parameters(), lr=5e-5,betas=(8.9 98),eps=1e-6,weight_decay=0.2) #Params used from paper

your own code < the training progress.

for epoch in range(EPOC

for batch in train_dataloader :

optimizer.zero_grad()
images,texts = batch

images= images.to(device)

texts = texts.to(device)
logits_per_image, logits_per_text = model(images, texts)

ground_truth = torch.arange(len(images),dtype=torch.long,device=device)

total loss = (loss_img(logits per_ image,ground_truth) + loss txt(logits_per text,ground truth))/2
total_loss.backward()
if device == "cpu™:
optimizer.step()
else :
convert_models to fp32(model)

optimizer.step()

clip.model.convert weights(model)
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

Y{AISCIRCLIPI)I|Z—LApytorch /a3l

loss_img = nn.CrossEntropyloss()

loss_txt = nn.Cros Loss ()

optimizer = optim.Adam(model.parameters(), lr=5e-5,betas=(08.9,0.98),eps=1e-6,weight decay=0.2) #Params used from paper

# add your own code to track the training progress.

for epoch in range(EPOCH):

for batch in train_dataloader :

optimizer.zero_grad()
images,texts = batch

images= images.to(device)

texts = texts.to(device)
logits_per_image, logits_per_text = model(images, texts)

ground_truth = torch.arange(len(images),dtype=torch.long,device=device)

total loss = (loss_img(logits per_ image,ground_truth) + loss txt(logits_per text,ground truth))/2

total_loss.backward()

if device == "cpu™:
optimizer.step()

else :
convert_models to fp32(model)
optimizer.step()

clip.model.convert weights(model)

Bx: Aft4ground-truth2—1

arangesk&2? [0,1,2,3,...len(images)]

MLMENDEESAE, RSHEFER, R, &
JRINEG, BRARXEiRKHHENlabelZ [0,0,1]
WE, MFEMER, SNNEBEARRINAER,
ATHFREMES, BIHRLBNEG XA IR
—ZEHUEIE. BBA, Wi E tbatchAElE—
arangesKEREIARIIRE

{ERXIFRAIARZ SR, TN AZIEIMRES, LIRE
GRS, MR B IR L&
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

- CLIPHERTHESENR

2. Create dataset classifier from label text

a photo of Text
a {object}. Encodar

FOODID

guacamole (?70.1%) Ranked1out of 101 labels

plane

+ @ photo of guacamele, a type of food,

to of edamame, a type of

3. Use for zero-shot prediction
TJ Tz '|"_3 TN YOUTUBE-BB

airplane, person (89.0%) Ranked 1outof 23
Image
" Enceder Ot LTy LT LTy I, Ty
"
- % 8 ) irg

a photo of
adog.

EEASOHIEEEERLSRIFENFE, W "bird” . “plane” . EIRAERETXHBERINIFZHTH B XHa photo of a
<LABEL>. {EAHIEMERAISIAIMAN., <LABEL>BIAEEMNIEIzero-shotinss, SRR B XA embeddingfI{FFTlIE &

embedding=kFH, BRIRELTMUNLER. Mirsy EYULIEFEFHMIFI: A photo of a <LABEL>, a type of XXX BJLURHTRMIHERE
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training
+ CLIPHBH ISR
» fEzero-shoty K EEHE HETRN ST ARERIOODHEAR

I ImageNet Zero-Shot

e Ideal rob del (y = x) - Dataset Examples ResNet101  CLIP A Score
== |deal robust model (y = x e = e s
951 @ Zero-ShotCLIP e PR
® Standard ImageNet training -7 ' iz i
901 o Exisiting robustness techniques /,” |mageNel ! 76.2 76.2 0%

fALb FESitask-specifictREl

g ImageNetV2 8 643 704 +58%

% (ResNet1015)

g ImageNet-R s 37.7 889  +512% CLIP 7E2:3£00DE iR
- e ms m|)  HEETMEETEMENER
é |masgsz;1:hl 252 602 +35.0%

z

20

65 70 75 80 85 a0 95 10
Average on class subsampled ImageNet (top-1, %)

, ImageNet-A il{i__{
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training
+ CLIPHBH ISR
- MW ACLIP#H {Tfew-shotfLinear probes3ss

75

Linear probe average over Kornblith et al.'s 12 datasets Linear probe average over all 27 datasets
Linear Probe CLIF
20 90 A L.t’l4@*3.36px L/14@336px
L/14y ... 851 Tl
RN50x64 / RN50x64
65 Zero-Shot BIT-M (ImageNet-21K T k. -
e CLIP a5
;; 60 1 g 801
~— [2) [
g ResNet50 g 5/3%¢ g
o 55 wn 0
9] w RNT0T P
[} g 807 /ﬂ( g
(9] a @
250 1 z RN50 Mres200x2 Z 75
= -] VIT-H/14
g BO-NS BO-NS
< 45 4 BG¥ n:nwd'/’/“'ﬁ\mﬂx4 oot -essod-//v\__'
751 R152x4
40 i 704 MoCo-v2e
MoCo-v2®
354 10° 10! 10 10° 10 10°
Forward-pass GFLOPs/image Forward-pass GFLOPs/image
30 T T T T T
012 4 o 8 16 —h— CLIP-ViT Instagram-pretrained ~ —— ViT (ImageNet-21k)
# of labeled training examples per class —= CLIP-ResNet SimCLRv2 BIT-M
—4— EfficientNet-NoisyStudent ~ —+— BYOL —*— BIiT-S
Figure 6. Zero-shot CLIP outperforms few-shot linear-probies:- —%— EfficientNet —=— MoCo ResNet GSDN @7
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CLIP: Connecting text and images with Contrastive Language-Image Pre-training

+ CLIPHBH ISR
« Image Generation: CLIP + StyleGAN

StyleGAN "An image with the face of Elon Musk with blonde hair”
Embeddings

“An image with the face of a lion”

Generated
Image
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MetaCLIP: Demystifying CLIP Data
« UEBACLIPRIEHERENRERNMEREE

. OpenAlFt IR IS ETEIRMYEE S, ASHRINT CLIPTTASRANAIRE ., M=t R A

- BIEITEUE: (FAEWordNetfIWikipediaBIEREMmES (visual concept)
- HURTmIERE: BRATEIEF TR A EEEES T, (£151.6BRIRIEIER N RIFM400MAY)IZREUE, BEESLER
SR TS ERLZREUERIERE (Ebiluntitled photo) , FREKED RIMIHLS £ 2R (R

o . = —

Part1:
Sub-string Pal't2+.
Matching Balancing

50% reduction 77% reduction
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MetaCLIP: Demystifying CLIP Data

« UERACLIPHEIRRENNRERINEREE

»  OpenAlFRIBHIIZREFEURTRERL, 2A3EL 7 CLIPRIRERANEUERE, B ESRERY)

- BIEITEUE: (FAEWordNetfIWikipediaBIEREMmES (visual concept)

- HIREIREL . BATTEUERFARILECA SRS, (£151.6BRIRIEHEM T RAEM400MAY))|
DN RTHEEFNLEPEUEIIERS (Ebilluntitled photo) , FFEKES AL S EB(RE

ZHREE

28R, PE(RSLER

- — = E

s |2 2 2 0 85 g : ;5 5 o= % % = . § s =z I & %

g ] z = £ = Z - 5 g = = z = i o e i Z o = P = £ & g E

|2 & T 5 2 B & =2 B B &3 & & E E 2 B2 B 8 & £ 8 £ g8 2 =
ViT-B/32
CLIP. our eval. 56.6 | 63.4 837 898 65.1 537 620 597 196 440 872 874 669 482 466 97.1 449 610 32.6 287 172 625 639 480 236 564 586
OpenCLIP, our eval. 57.6 | 62.9 80.7 907 70.6 612 664 792 167 545 865 907 66.1 37.4 482 0956 522 580 42.0 380 148 50.1 63.0 428 225 533 523
MetaCLIP 582 (655 806 913 702 634 630 707 268 528 887 919 685 415 359 954 526 642 358 307 172 555 661 454 306 564 53.4
VIiT-B/16
CLIP. our eval. 506 [ 683 888 008 682 556 640 64.6 240 451 8890 891 694 518 530 982 548 655 433 217 228 563 685 523 255 587 60.5
OpenCLIP, our eval. 60.4 | 67.0 858 917 714 653 692 836 174 510 892 908 665 663 461 970 522 657 435 237 181 517 67.0 462 339 545 544
MetaCLIP 6L.1 | 70.8 868 90.1 66.5 708 666 74.1 279 559 904 938 723 478 446 972 554 688 438 334 226 529 680 495 228 548 60.6
VIT-L/14
CLIP, our eval. 657 | 755 930 956 783 633 668 77.8 313 553 036 933 793 764 569 994 619 709 506 192 319 501 757 602 223 507 689
OpenCLIP, our eval. 64.5 | 727 90.0 947 78.0 73.9 724 89.5 247 602 91.6 936 73.0 76.1 543 98.1 639 69.6 499 160 23.0 517 715 516 254 553 56.0
MetaCLIP 67.1 | 762 907 955 77.4 759 705 847 404 620 937 944 764 617 465 993 597 719 475 299 309 70.1 755 57.1 351 566 656
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EVA-CLIP-18B: Scaling CLIP to 18 Billion Parameters

* FHERNRRIEEF IR SRl ZRCLIP

« [RIGHICLIPERAINEEAVIT-L/14-336px, KZYS00MHSHE, RELHAKERRINET?

REIE: 180(Z8818, 125 85 mARRIFFRCLIPIREY
YIGHEARE: IZEEEME T 60{ZM) |G HEAEIREEE ML,
MBERIM: 27T AT NEGR S EEENR YT 7
80.7 %I FHF AT,

HEgEtRFN: EVA-CLIP-18BRESHMEEEMAITSR, BEKE
BH—TiEEEMEREN, AHEHEN R B HE.

82.0

zero-shot accuracy (%)
= =] bl =] 0o
(%] = o o0 (=]
o o ° o =

|
o

EVA-CLIP
DFN5B-CLIP
OpenCLIP
InternVL-C

0
1.0 1.3

Y 5.0 8.0 14.018.0".
model| parameters (log-scale)
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BLIP: Bootstrapping Language-Image Pretraining

Bootstrapping (improve your situation by your own efforts) — {ELZRIEIEIREFNSIR, IEAMBEIFAISUBRIA R RIE L RIREY

salesforcef£2022FRHAISAESHELE, BIEMMERRNS—, SIA TEERSHRSEMFSes, KD 7 BERSMERREN,
S TIIESESBUSSOTA, FAIGCHERE FFREEIGEMAprompt, FAIpromptIIRZ iR IRIIEIFEXE,
fHianControlNetdfgAutomatic Promptmit2BLIPAARAY.

Image Description Generation Zero-shot Classification Text Localization Visual Question Answering
b i Image Categories rson playing with dog on the beach. o
- 6 SRR A o) Image Question
category 1 categry2  Submit
Ima e # merdion ~ elephant Input your question!
g == - category 3 catogory 4 Image Gradcam What is the dog's breed?
giraffe fountain a
Prediction a2

Answer

golden retriever

Description

the golden gate bridge is illuminated with bright lights in blue
twilight sky

clephant 0.00%
m
=
]
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BLIP: Bootstrapping Language-Image Pretraining

1+ m —{_ ] IT™ LM
I.-"' = ™ < o5 i 4 D ™
4 T N
T | Feed Forward l Feed Forward | Feed Forward |
[ Feed Ff'“’a“d ] — S v
A | - X -
M B =I. Cross Attention | " Cross Attention |
[ Self Attention ] - T t
¥ T g 0
b A
Image | Biseifan | [ siselfan | | causal self-ant |
Encoder 1 ] 1
=] \ ) N p N y
Text Image-grounded Image-grounded

Encacar  «icy ) + [ Textencoder «/pneode)+[ ) '@ dec0der wnacade] + ()"
.T

“a little girl holding a kitten next to a blue fence”

« BLIPE |\ T Jmioe- Rt ZESRSEHMED ( Multimodal mixture of Encoder-Decoder)
- BEBERMEHITZESMEIMNIRFS, MEDEIER N ERESIRESE (Image Encoder, Text Encoder) , —LAE]
GBRHEMRIZES (image-grounded text encoder) FI— LB AIEMAV#ISEE (image-grounded text decoder)
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BLIP: Bootstrapping Language-Image Pretraining

1+ m —{_ ] IT™ LM
i ) ™ g oD ™ 4 - N
4 oDy N
e | Feed Forward l [ Feed Forward | Feed Forward l
[ FE‘Ed Fﬂrward ] j ;H ;_\
'y gk ) s
o T
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[ Self Attention ] - t T
[ = g 0
b
Image | Biseifan | [ siselfan | | causal self-ant |
Encoder 1 ] 1
!lgqg \ )\ N y
Text Image-grounded Image-grounded
a Encoder “[CLS] + :]u Text encoder “[Encode] +[:|n- Text decoder “[Decode] + [:l,.
.T

“a little girl holding a kitten next to a blue fence”

- WIGER: BEEMRKREEAS RTINS

EHR-SCARILLIRK ITC (Image-Text Contrastive Loss) @ FXIE/RIRIBEN ARG, BITIERE
SIRISEEES), XIS EGFI S AR BTERHIER A,
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BLIP: Bootstrapping Language-Image Pretraining

1+ m —{_ ] IT™ LM
i ) ™ g oD ™ 4 - N
4 oDy N
e | Feed Forward l [ Feed Forward | Feed Forward l
[ FE‘Ed Fﬂrward ] j ;H ;_\
'y gk ) s
o T
M - Nx —{ Cross Attention | =j| Cross Attention J
[ Self Attention ] - t T
[ = g 0
b
Image | Biseifan | [ siselfan | | causal self-ant |
Encoder 1 ] 1
!lgqg \ )\ N y
Text Image-grounded Image-grounded
a Encoder “[CLS] + :]u Text encoder “[Encode] +[:|n- Text decoder “[Decode] + [:l,.
.T

“a little girl holding a kitten next to a blue fence”

- WIGER: BEEMRKREEAS RTINS

2. E{R-SCARILECHRSK ITM  (Image-Text Matching Loss) @ T RILABHRAEAMBIN ARISET, BUXIE
MBI T 028, BRENSESERIEXE.
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BLIP: Bootstrapping Language-Image Pretraining

M
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g EfE:
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BLIP: Bootstrapping Language-Image Pretraining

Model Pretraining

Filter
(Image-grounded
Text Encoder)

W D ={(l,T 0} +{(1,.T)}

Dataset Bootstrapping

Filtering

i

ITCEITM finetu neﬁ

i
I
I
1
1
1
i
I F‘re-train@
I
]
1
1
I
I
I
|

Multimodal Mixture of {(Js, Tr )}
Encoder-Decoder
—l_ LM finetune @
| B,
rCTTT T Tt r T T Captioner

(Image-grounded
Text Decoder)

)

« JI&5Ti%: BootstrappinglI TUIRENEIFRDINISGIES
S _EXRENESOTHEEE ST NERERIERNER, AT AR AXFSENE, BLIPIRH captionZE AT SR

BRCapFilt (Captioning and Filtering) , BIMBEEEISIFES, AFEMFIT

{Uy, T )}

{hw}

:é%:>

Captioning

{(h: T )} + {, T2

i

D = {(lw, Tw)} + {(he, 5}
+{(In, Th))

{(h: T5)}

: To model

: |::> To data

I, : web images
I, : human-annotated
Images

T, web texts

T, filtered web texts

T;: synthetic texts

T : filtered synthetic
texts

Ty, : human-annotated

I
I
I
I
I
|
i
I
I
I
I
|
I
I
I
I
I
|
I texts
I

SRFAERROAIRE, BRI,



| wmie-rmmeeses: BLPRS
BLIP: Bootstrapping Language-Image Pretraining

Model Pretraining Dataset Bootstrapping
O e To model
: Filter Filtering :
: D = {(1, T, )} + {(1,Ty)} (Image-grounded | | - :> (L, T Y+ {(L,. T )} : I::> To data
i Text Encoder) ﬂ :
! . 1 1, web images
I F‘re-traln@ @ o
: ITCRITM finetu neﬁ {(: T2} : I, : human-annotated
- D = {(he, T )} + {(he, T5)} |, images
! Multimodal Mixture of {(1, T:D) +{{In, T} : . .
I Encoder-Decoder ; Tw:web texts
: LM finetune @ 1.} ! T, filtered web texts
[ _l_ _________ : u 1 1 synthetic texts
________________ a 7. ;
r 1 . T : filtered synthetic
Captioner [
1 | I text
| ) |::> LT | exts
: Downstream Tasks ! : (Iimage-grounded _— (. T2} T, : human-annotated
' o Text Decoder) Captioning e
1 L | exts

- Jl&75i%: BootstrappingBIFTUIEYIIZRAIR BIZRENSELF AN ZRAFESS

CapFiltE B MELR : — N Rcaptioner, LEMZ&EGEcaption, F— 1 ZEFilter, 1TIERIGILE AT G Bl A HYIE
caption, IX—IIFE+RUFGPTH5| ANHIReward model, 1BITLS F RIRARTHEFHRERYEEE



ATLHEHRRE

Institute of Artificial Intelligence

Intro to Vision Large-Language Models

( VLLMs )




| VLLMs 1 VLP g 5153685

X

al:

* VLP: 3T BEEER e MESERRINGER, MERTU ZRATZHT

T ESS I8 AL RIAR 7R .

* VLLMs: EJZHIEREAESHTIESEAINRERE, RRTH0)I5RRES

VLIMsH W AR EES RIS, ol U2ETVIPEAK —T R RANRE,

KBX:

* VLLM g @#EVLPEARAMz —, ERAEME, VLPESLIMVLLMsH)—F R R

BERPMRER (FEAEMNFLIRR / fREeiRR)

© BEEMRARAMKANEE, VLPE DA A2 VLLMsZ R — 10 XEHRHER,

VLLMsIAER T ARG E S HEEBGUER BT ZMRAN BN AR TR,



| EmQ-formeri&iEEIS4i3=FILLMSs: BLIP-2

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and LLMs

Vision-and-Language
Representation Learning

Vision-to-Language
Generative Learning

|mage Q-FOI'ITIEI‘ E 3
e ~ " Write a romantic message
¥ 7 that goes along this photo.
Love is like a sunset, it's
[Eo-08) Text hard to see it coming but
Queries when it does it's so beautiful.

Bootstrapping Pre-trained
Image Models

Bootstrapping Pre-trained

Querying Transformer | | |
i : Large Language Models (LLMs)

J Encoder

SalesforcefE2023 42 BLIP-2, EEHIARTUIIZRAIM TIRELFIE SRESRIZ T SARSERAMPE ) 1287,
Tl 2RI oiR B RE IR S R ERINIERIAE, 704 aNESRENRH TR ARRNE S LGS



{FHQ-formenEZES mi3sZF1LLMs: BLIP-2

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and LLMs

F--TTTT o T T T TTT T TTTTTTT I TTT | TTTTTT TS o T IoTTTTToT T T oo o T T e | # pretrained image encoder
| Vision-and-Language : Vision-to-Language |

. . A A 1 self.,vision_model = Blip2VisionModel(config.vision_config)
Representation Learning Generative Learning S —

e 1 self.query_tokens = nn.Parameter(torch.zeros(1l, config.num_query_tokens, config.qformer_config.hidden_size))

! :%: i g | self.qformer = Blip2QFormerModel(config.qgformer_config)
1 |
i Image Q-Former k : 1
| Encoder e Querying Transformer - Write a romantic message i self.language_projection = nn.Linear(config.qformer_config.hidden_size, config.text_config.hidden_size)
! 5 5 ! that goes along this photo. | if config.use_decoder_only_language_model:
| : | Love is like a sunset, it's | language_model = AutoModelForCausallM.from_config(config.text config)
| oo-ogj) Text ¢ . - ‘
: ! hard to see it coming but | else:

H l . i q ]
| Queries : 1 when it does it's so beautiful. | language_model = AutoModelForSeq2SeqLM.from_config(config.text config)
! . - ' N - ! ]
! Bootstrapping Pre-trained Bootstrapping Pre-trained | # pretrained Large language model

1

| Image Models i Large Language Models (LLMs) | self.language_model = language_model

________________________________________________________________________

FREBYSEHY . BLIP-2 IR ATImage Encoder, Fi)ll&RAILarge Language Model, F1—RIZE3AY Q-Former ZBR

* Image Encoder: REEMNBNEFFIREMTAFIE, A3GHIE T FFRIZEL5T, CLIP 1)I[ZRAS

 Large Language Model: AN AR, AIIAIE T decoder-based LLM and encoder-decoder-based LLM

e Q-Former: AERSWHINES RFESEVEE, HiImage TransformerfText TransformerfA N FERFER, BIXE=EREE
TENE.

IIZ5RY ViT-g/14




{FHQ-formenEZES mi3sZF1LLMs: BLIP-2

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and LLMs

FoTTTTT LTI T T TTO T TTTITI |y TTT T T T oo TTTTTo T T T T m T T T ! # pretrained image encoder
Vision-and-Language M Vision-to-Language

Representation Learning Generative Learning .
# input query

1 self.query_tokens = nn.Parameter(torch.zeros(1l, config.num_query_tokens, config.qformer_config.hidden_size))
]

i g | self.qformer = Blip2QFormerModel(config.qgformer_config)
I

.‘_ ] |

self.,vision_model = Blip2VisionModel(config.vision_config)

1
' Q-Former
I mage
| Encoder Querying Transformer i Write a romantic message | self.language_projection = nn.Linear(config.qgformer_config.hidden_size, config.text_config.hidden_size)
! 5 5 ! that goes along this photo. | if config.use_decoder_only_language_model:
i oo-00o Text Love is like a sunset, it's ‘ language_model = AutoModelForCausallM.from_config(config.text_config)
I o X . . ’
: ¥ hard to see it coming but | else:
H [ . oy q ]
| Queries ! 3 when it does it's so beautiful. | language_model = AutoModelForSeq2SeqLM.from_config(config.text config)
Bootstrapping Pre-trained ; l Bootstrapping Pre-trained ; # pretrained Large Language model
1
Image Models i Large Language Models (LLMs) | self.language_model = language_model

_________________________________________________________________________

FREEYSEHY . BLIP-2 B FIIIZRAYImage Encoder, FRill&AYLarge Language Model, Fl—RIZESIAY Q-Former ARk

« Q-Former: AEIRSMNHINES MAIESEVZELE, Himage TransformerfText Transformerﬁ/\_jrﬁiﬂ"jﬁjz

* Image TransformeriBIS SEGRIDIH TR EREIITIFE, BRIBMAZIFIM Query, XEqueryiBEHIEEIERE
BEREH, FEERNIRNESHFENEGSFIRE, RALBIEENETENE '53ZZIKL_1T§C

* Text Transformer{F AN AImADesfIf#ISaS, BRIBIEEI/ESImage Transformer =, RIEF
BBz QueryFIX ARIZZE 5 .

, MAAEREE



| EmQ-formeri&iEEIS4i3=FILLMSs: BLIP-2

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and LLMs

Q: query token positions; T: text token positions.
O masked [J unmasked

Q-Former Image-Grounded
Matching Image-Text Text Generation
Input Image Contrastive |«_____1 Q T Q T Q T
oHH03  <EEBR  °EHEE
for every DD 0] ) EE DD EE
LU LE

A

other block ¢

% =0 Image L0000 JEm 00
EEEEE— - =
Encoder Attention Masking

t -« bidirectional — D D D D D D D D D D |:| ‘:‘

x N :ijHtﬂm?ggbg?Hia,Ef x N Bi-directional Multi-modal Causal Uni-modal
- 1 Self-Attention Mask  Self-Attention Mask Self-Attention Mask

Learned Image-T N =

. . ge-Text Image-Grounded Image-Text

Queries (0 O-0OE Input Text [a EL EE I sungfasses] { Matching ‘ Text Generation Contrastive Learning

illg5ezt: FkER imﬁQ-former—ﬁﬂ_?-?-sJMEQ*UEEE$QME§

e BT E =11
AERGEEIEIEERS, MmmizHlimage TransformerfIText TransformerE’ﬂﬁ&ELﬁ:T:to

« H#r1: ITC(Image-Text Contrastive Learning) XJSFEZER AT AR

« HBH#52: ITG(Image-grounded Text Generation) Z5EMINBIERIENAZERIEIRT, 12 Former A,

« H#53: ITM( Image-Text Matching) FUUEHR- XA RIEILEA R R ILEL, FIEIGFINAFRRLZ BHHERIEXIST

« & Q-Former 1&#E2R450Y Image Encoder, 1

EQueryFTextZ [B]53 Bl




| EmQ-formeri&iEEIS4i3=FILLMSs: BLIP-2

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and LLMs

O0O-00 Output Text [ a cat wearing sunglasses ]
Bootstrapping from a \i oY +
Decoder-based S — —_ ] Fully o
Large Language Model ' [ Q-Former ’ Connected - =LA IDEET:
(e.g. OPT) "
| DO0-00 S
Input Image Learned Queries

Bootstrapping from an T
Encoder-Decoder-based ia' .
.

Fully Ap
—" Q-Former ‘ Connected %% LLM Encoder

(@088 (ze)

Input Image Learned Queries Prefix Text

Large Language Model
(e.g. FlanT5)

B : AMERIIZRQ-former—RFFIMERFIERF I ER

« & Q-FormerEZEFRERY LM, LIFIA UM BNIESEREEN]. (FRSEEERHHEQueryBR NZ4i
HENEE, AEBIREAQueryER NiITIIEHI N AR A\BIHE

«  HTF Q-Former B30I
LLM, FEIRBRAEXRAIMRER, BT UM ZIMRIESITTHIRIE,

2,75
RoE

O0-8 0 Suffix Text [ wearing sunglasses ]

& LLM Decoder

|15 LLM BISZAERAN

%, AN RESERINRERS, BItErUEut I EERM, BRERIERREMHS



(BRI EHHEMRAREHILLMS : MiniGPT425%)
MiniGPT-4: Enhancing Vision-language Understanding with Advanced Large Language Models

r The logo design is simple and minimalistic, with a pink line drawing of a flamingo |
standing on one leg in the water. The design is clean and easy to recognize, making it

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- |
themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to [

I the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand’s message. ]

£ k]
Vicuna

Q-Former

&
P Vit

- FBLIP-2RYREARSELL, MiniGPTAINAIBRSIESRELRIERBEN—EEMAXIESEERIAIR, EItHEXA
"R BREESRG— MR BRI RILMAI AR R R . X ESRIVUMsHEZELINER

- BRI BT ERGE R ALLMBEE IR token, R TRYHAILLMIER—R Y  (HATIIEIE
SHIBEIAIZR) | XEEIENGPT-4VATAJBERAEATEL




| EmiseEEEmsIERILLMS: MiniGPT4Z5
MiniGPT-4: Enhancing Vision-language Understanding with Advanced Large Language Models

r The loge design is simple and minimalistic, with a pink line drawing of a flamingo |
standing on one leg in the water. The design is clean and easy to recognize, making it

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- |
themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to [

I the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand’s message. ]

& k]
Vicuna

Q-Former

&
K ViT

* image encodeXFARYETI|ZREYVitFOQFormer

o LLMZERBRIZVicunna
- XIFEXRBHEEBENEEE



| EmiseEEEmsIERILLMS: MiniGPT4Z5
MiniGPT-4: Enhancing Vision-language Understanding with Advanced Large Language Models

r The logo design is simple and minimalistic, with a pink line drawing of a flamingo |
standing on one leg in the water. The design is clean and easy to recognize, making it

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- |
themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to [

I the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand’s message. ]

& k]
Vicuna

Q-Former

&
K ViT

- e WHERIIG (SIRSKSBSHERIIZGREES)
-« B—ME: ERANRESSGEE, MURFENSE, Kimage encoderiZEXAIE HHFEAE AL LMBETSIERERIZZL
« BIMER: BSEBIEEME, MHRELERNARIRE



| SRR ESSRsERFILLMS: MiniGPT4Z5!
MiniGPT-4: Enhancing Vision-language Understanding with Advanced Large Language Models

o WMAIFHEIESESURE: BUATREERBERTARZERNES
* 1. Conceptual CaptionZUEEEFEIHEIZES000E /. Fstage lHVTRELRAAFHRIE FmA. ATFEHEIpormptdlT:

###Human: <Img><ImageFeature></Img>Describe this image in detail. Give as many details as possible. Say everything you see. ###Assistant:

- AT ERLERMcaptionZIFFAIEIFNE REIRAIER, (FEXIEMRIE—MESIIHIT 7 Acheck, LAULGHRIE
SURSERIRE., BRI 7 B135001ME 3,

BMEEEEME Timage captionfIEUE. FE11I4EH CHNZSESRERIHE, PTLURESE
1 E cShVinstructionFFEER.

[F90: open sett&ill]

prompt: ###Human: <Img> <ImageFeature> </Img> . iISIREIEFAEESHIALIR, RE]
t&zULAjsondaitt, 1&RhRAN: {person1: [xmin, ymin, xmax, ymax]}, EARAHRE 73—
###Assistant:

label: {person1:[0.14, 0.24, 0.45, 0.65], person2: [0.11, 0.]...}

(Bgn: FRIEESHHE]

prompt: ###Human: <Img> <ImageFeature> </Img> . ISHEFRIE TR 3TE
###Assistant:

label: [(532£1, 9322, value), (9E1, ©K2, value), .| BERRHMEEESHNRE—EE
Fisequence-to-sequencefZE, IXFFFBEEA S —iRl)|%x. HETRE—FHR—aIZEAMZ

(===



| @mssisomm: Lavaxs)

Visual Instruction Tuning

EIaVvVA

Haotian Liu'*, Chunyuan Li**, Qingyang Wu®, Yong Jae Lee!
University of Wisconsin-Madison  ?Microsoft Research  *Columbia University
https:/llava-vl.github.io

Improved Baselines with Visual Instruction Tuning

LiaV. -1,

Univesity of Wisconsin Madison  2Miceosot Resemsy. Rednond *  LlaVA(Large Language and Vision Assistant), RIKESIE
https://llava-vl.github.io %_*D?‘mﬁﬁj]%z, IEE_/I\ﬁ#JEEUﬁ%iJl éﬁﬁ’ﬂj{ﬂ%*ﬁ%ﬁ%ﬂ,
LLAVA-PLUS: LEARNING TO USE TOOLS FOR A D SRR KB S A R RSB FRRO B
CREATING MULTIMODAL AGENTS o

. o FIESEMR. HarREAEXAMN AR BIVLLMS
LILaVA-PLUS
Shilong Liu**, Hao Cheng™, Haotian Liu"*, Hao Zhang"*, Feng Li"",

Tianhe Ren”, Xueyan Zou *, Jianwei Yang™, Hang Su®, Jun Zhu®,
Lei Zhang”, Jianfeng Gao®, Chunyuan Li* ™

#*Dept. of Comp. Sci. & Tech., Institute for Al, BNRist, Tsinghua University
“Microsoft Research, Redmond
University of Wisconsin-Madison YHKUST * IDEA Research

*Work performed during an internship at Microsoft . Project Lead



| @mssisomm: Lavaxs)

LLaVa: Visual Instruction Tuning

LLaVaHYFZE Rk

SIRSIESIRMEEIRESE: (£F ChatGPT/GPT-4 B EIG S AR NE LIS SBEEEUEEIN, ER=FEERIIESIRME
AR XA, A, SRMEE,. BHINET 158K MESEISIESIRMEEUREAR, HAPRHEFA 58K, FMIAEAR
23K, SFHEERER 77K,

& cLIP UM /RASES SLLaMAIE S HRIBESERISR, HEENAIMEIESIESIREEUESE EXI B 1 TinEimAY R,

FRIR: BAREMEMNSIESIESEIE. BTEUREMFIREN)IGRICIDE. RENEX AR Rdemo,

Language Response X, . . .
Language Model fqg

H, f H,

X, Image X4 Language Instruction

Projection W
Z,

Vision Encoder



l A summary

- BiFELLavatl, BERIERBIVILMsKZETERIESHAREZIESIZEY (Instruction-following LMM) , EIZEMIEHE
FAF4meBR oo YT SR 58 = F LS. ﬁﬁﬁiﬁ’q’:ﬁﬁ)ﬂ?EA#FEHﬁMEgiﬁwlllﬁmE‘éﬁi (LLM), L,L&%ﬂ%?m
mimiSes i SIE SIRENITIMEIE S EESERES LSRN B E B RN R E:

- MRESXFIINGMER: FBEGX AU ESIESEERNRSRAZERIT.
- RIESHEHEMER: RENKESERRE, ERESEEERERFNARESENR.

Discovering unusual content [ Describe the image. J "a ':'

-

The image shows a cactus plant standing in the middle of a frozen

lake. The cactus is surrounded by large ice crystals that have I,_mj
formed on the surface of the water. In the background, there is a

range of mountains with snow-capped peaks. The sky is clear and

blue, with a few fluffy clouds floating in the distance. The overall

mood of the image is peaceful and serene, with the cactus
standing tall and proud in the center of the frozen lake.

[ Can this happen in real world? ] ‘ : ‘i‘.

No,
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An Embodied Generalist Agent in 3D World

AN EMBODIED GENERALIST AGENT IN 3D WORLD

1,2 1,3%

Jiangyong Huang'-%*, Silong Yong'3*, Xiaojian Ma'*, Xiongkun Linghu'*, Puhao Li'-*,
Yan Wang', Qing Li', Song-Chun Zhu'-?*, Baoxiong Jia', Siyuan Huang'
1Beijing Institute for General Artificial Intelligence (BIGAI)

2Peking University ®Carnegie Mellon University “Tsinghua University
https://embodied—-generalist.github.io

(ICLR2024 Under Review)
b AN3D & Agents



An Embodied Generalist Agent in 3D World

O : O  Where is the bathtub O  Is the door closed or open
Describe object. ;
= | ) () located in the bathroom? )  tomy left side?
There is a rectangular brown table. It g Torightof tollet . Closed B
is in the center of the room. \ " b
A FAY * J

(£55: 1SERSEIDYIBHR XA, #E, M. TEA9EMmbodied Agents

HXTIE:

BRIRYEmbodied AgentstEZR (ETLLMFIVLMEITES L. RRREN, FXISF PR TaES]) BUETEXRHLE, Bft
1IRIBENEEIRT2DMEA, PREI T HAE3DELHR FRINA, RIEAFRIZOEZE: difIitEmbodied Agents2
HANEF3DIRIRH RS SHL3DIHRRTERFESD?

Hhik: SERIEHRE / F—RIRBHESR / TS ER



r

Itw

ANGUNIYV

AL iR R R

il

C Pk SEMMIEE / R—AOEEIEL / S SENMLEIR

*  Overview: BHFHROEIR. 3DRAGR. XMEPBA, BSHDIESEEABLIARIIHTES

Scene Captioning -
LEC; In this

room, there is a
wooden floor
that is clean
and fTat, A tall
wardrohe ...

3D Question
Answering

Question: YW
located?

LEC: Standing on the desk
mext i the wardrobe,

iz my bedroom, Can you assi

ere 15 the Printe

3D Dialogue
Human: | need help orga
sl [

LEQ: Of course! What speci-
Sically do you need help with?
Human: Can you check if the
re are any ¢lean elothes hangi
nge on Lthe wall?

LEC: [ sorey, but the clor-
les hanging on the wall are
[TE

Humg Nhanks! Also, ¢

u check 1f there are any cle

clothes hanging on the wall

Embodied Generalist Agent in 3D World Robotic
Manipulation
System Egocentric 3D Scene Instruction Human: pack
@ Message E Image .:l the yoshi fig- <
You are an assi- User: Please desc- ure in the
stant situated ribe the toy house brown box
in a 3D scene, over ... LEO:
4] n P=[0.1,-0.2,0]
Tokenizer 2D Encoder 3D Encoder Tokenizer R=[0,0,0.1]
v v v v Embodied
Navigation
Human; Find the pillow
LoRA'&
Large Language Model LEO: 3
1. Maove forward
v 2. Turn right | é
i
Text Response ! Action Response :' bl i i
There is a sofa | It's a kitchen for ! P=[0.1-0.20 ! “Turn right” < o
next to the TV, ! cooking. : R=[0o01 ¢ De-tokenize
Task Planning E
3D Object Captioning . Embodied Reasoning B i Orenton s i e
LEO; A 31 model of o Southern White Rling, PR e o G Sy the bedroon
ane of fargest animal species in the world, |I;l|-.|| i LE}:
B [T 1..'.'. s Cam | o stralght i 1. C‘h’ﬂﬂ .‘hf}hﬂ'ﬂ‘bj'

sweeping to remove ...
2, Make the bed ...
3. Fold and organize ...

LEQ: ft's a 31 model of a mideuight
green cevamic coffee cup with a plade.

An Embodied Generalist Agent in 3D World




An Embodied Generalist Agent in 3D World

Method detail

Model: LEORYZITRUWBRAAGHE, 1. st EBERARCI2DER. £/3DER. IRXFES, HRAX
FabFRSMERESHR—RA 2. MiZFIBFISGLLMEAFIE
Eit, BARESHEEE(CAtokensESl, ERALLME{TLIE, FRAXUGPTRHIBRIFEER

“res v crrUres

You are... s§), .. s s M) ysEr:... assisTanT: O, ...
~ 7 o~ “ ;

-~ -~

X s AL Q =Y . . . 1 3 +f1

system message 2D image tokens  object-centric instruction response
(optional) 3D tokens

Embodied Generalist Agent in 3D World
D System E Egocentric ':l 3D Scene @ Instruction

Message Image
You are an assi- User: Please desc-
stant situated ribe the toy house
in a 3D scene. QVEr ...

i F
Tokenizer 2D Encoder 3D Encoder Tokenizer
J J J J

Large Language Model

I
Text Response ] Action Response
Thereisasofa ! It'sakitchen for | P=[0.1-020] | <
i

) “Turn right™
nextto the TV. ! cooking. R=[0.0.0,1] ! ¢l De-tokenize



An Embodied Generalist Agent in 3D World

Method detail

Tokenization (¥4%f3) : {EH2D VLMFI3D VLM SAESAIEE, {EHSentencePiece tokenizen# {7344
8. ¥Fembodied action §5, SEEMEEE{LFHIRGIZEISentencePiece tokenizerdgR /i {(ERAItokens,
FrBRIEHE#Htokenizationfg, EEAFHRIAZIU

You are... sgg}sgg’*’hggsggi USER:... ASSISTANT: s{), .s{7)

“res ttYres
' e

X s AL Q =Y . v . v . 1 3 +f1
system message 2D image tokens  object-centric instruction response
(optional) 3D tokens

Embodied Generalist Agent in 3D World
D System E Egocentric ':l 3D Scene @ Instruction

Message Image
You are an assi- User: Please desc-
stant situated ribe the toy house
in a 3D scene. QVEr ...

i F
Tokenizer 2D Encoder 3D Encoder Tokenizer
J J J J

Large Language Model

I
Text Response ] Action Response
Thereisasofa ! It'sakitchen for | P=[0.1-020] | <
i

) “Turn right™
nextto the TV. ! cooking. R=[0.0.0,1] ! ¢l De-tokenize



An Embodied Generalist Agent in 3D World

Method detail

+ Training: f§EfVicuna-7B{EAIRIIZGAILLMAEtokenF5l, ERALORARIAGINGIRE ((REALVSTMIMNIRIZEISE, HSINFRLSRILLM)

« LoRA: {E#ki&R(low-rank adaptation), (Aghajanyan et. al.) FRIGXIEREBEBEREBRDHIREELEE, DFE—MUREERNSE,
RACHE2SH=EHREEREIERAER. XBEXERRHfew-shotEiHHREEZ—

- B SESEE, AT, MRS (BIZXXNFIEShIEL) Atoken

Embodied Generalist Agent in 3D World Bl T )] (he<t) (0D .-
t) <t (0, L0,
D System [f~] Egocentric ':l 3D Scene - Instruction Z Z IOg ])9 r‘-}“ ru- » S prefix? =+ S prefix )’

Message Image —1 t=1
You are an assi- User: Please desc-
stant situated ﬁ @ ribe the tc:.f house
in a 3D scene. over

Tokenizer 2D Encoder 3D Encoder Tokenizer
Je J e J

LoRA ‘&
Large Language Model
! e
Text Response ! Action Response
There is a sofa | It's a kitchen for | P=[0.1-0.20] ! <

. “Turn right™
next to the TV, ° cooking,. | R=[0.0.01] el De-tokenize



An Embodied Generalist Agent in 3D World

Method detail

- Datasets: {ERLLMSBEDEREE, IGEHRSAME (LEO-alignflILEO-instruct) , 3BIAFLEORIFARMERINIS:, BP3DMRE-EEXS
FF#13DHR{ESSAYInstruction Tuning

- FEENEMEERERYIETE, BAERTHIDIERMER, BABRERAGE, BRELTIXR, hi8HEcaption/3HE/QA/MEIFARAI,
EHHITATAMETESIRASIERE

é Scene-Graph-based Prompting Y4 Refinement Procedures )
Messages Responses Raw Responses @ Refined Responses
1. System Message 1) Object scene caption 1. Wrong Answers 1. Answer Refinement
You are an Al visual assistant in a 3D scene... 2) Scene caption There are two curtains in the room. There are 3 curtains in the room.
. 3) Dialogue (O-CoT) ;
2. Demonstrations 2. Negative Responses . .
Scene Graph Context: 4) QA (O-CoT) Question: Where is the football table? f_ﬁRem"?g NEEE Re?ﬁ‘;"ses
. e N . ettt 5) Planning Thought: football table-17 e L
{'sofa-1': {‘attributes™ {'color’: 'red’}, 'relations”: ['to ) A - unk removed.
the right of chair-2", 'in front of table-31T}, 'chair-2": Potential Issues: nSwer. unknown
{‘attributes": {"color": ‘brown’}, 'relations': I}} 1) Wrong Answers 3. Responses with IDs 3. GPT-based rewriting
Human-labeled Responses 2) Negative Responses The kitchen cabinet-9 and kitchen The kitchen features a cabinet
- counter-10 are parts of the kitchen. and a counter.
3. Query (a new scene) 3) Responses with IDs :
Scene Graph Context 4) Others 4. Others i 4. Others
\ j \Unneoessary contents (Thought, efc.) | Remove unnecessary contents. j
{Dialogue (O-CoT): ™\ { Scene Caption: ™\

In this room, there is a wooden floor that is
clean and flat. A tall wardrobe stand on the
right side of a desk, close to a basket. The
wardrobe is in front of a chair, a bed, and
behind a bedside table. Clothes are hanging
on a white wall, to the right of a closed
curtain. The bed is wide, clean, and covered
with blue blanket. The room has a
comfortable and organized setting with
Qunctional furniture.

Dialogue Context: high level task: organize the bedroom. low level task: check
some objects

Human: | need help organizing my bedroom. Can you assist me?Thought: no
specific objects

Assistant: Of course! What specifically do you need help with?

Human: Can you check if there are any clean clothes hanging on the wall?
Thought: clothes-13

Assistant: I'm sorry, but the clothes hanging on the wall are messy.

Human: Thanks for your help! Thought: no specific object

stistant: You're welcome! If you need any further assistance, feel free to asi(/

®

VAN

(Objact Scene Caption: QA (0-CoT): Planning:
The showcase is supported by Question: Where is the printer located? Thought: printer-8 High-Level Task: Organize and tidy up the bedroom.
the wall and positioned behind, Answer: standing on the desk Low-Level Actions:
close to, and to the left of the Question: How many blankets are on the bed? Thought: 1. Clean the floor by sweeping to remove any dirt.
shelf. The wall is flat, architectural, blanket-16, blanket-17 Answer: 2 2. Make the bed by arranging the blanket and pillows.
and dark in color. The shelf is Question: What is the type of the room? Thought:wardrobe- 3. Place any loose items or belongings into the basket.

\made of wood and has a low size. 2, desk-7, chair-11, bed-15 Answer: bedroom 4. Arrange items on the shelves and showcase in a tidy way)




LRM: Large Reconstruction Model For Single Image to 3D

Experiment

E3DIEFMBEHEE. NRARE. MEIREFMESEISSoTA

Table 2: Quantitative comparison with state-of-the-art models on 3D VL understanding and embodied

reasoning tasks. “C” stands for “CIDEr”, “B-4" for “BLEU-4", “M” for “METEOR”",

“R” for “ROUGE", “Sim”

for sentence similarity, and “EM @ 1" for top-1 exact match. The n-gram metrics for Scan2Cap are governed by

IoU@0.5. ' indicates answering questions via prompting GPT-3 with the generated scene caption.
Scan2Cap (val) ScanQA (val) SQA3D
C B-4 M R Sim C B-4 M R EM@1 EM@I

Task-specific models
Scan2Cap (GPT-3) (Chenetal., 2021) 352 224 214 435 - - - - . . 41.0°
3DICG (Cai et al., 2022) 47.7 315 243 518 - - - - - - -
Vote2Cap-DETR (Chen et al., 2023) 61.8 345 262 544 - - - - - - -
ScanRefer+MCAN (Chen et al., 2020) - - - - - 554 79 11.5 300 18.6 -
ClipBERT (Lei et al., 2021) . - - N _ . N - _ _ 433
ScanQA (Azuma et al., 2022) - - - - - 649 10.1 13.1 333 21.1 47.2
Task-specific fine-tuned
3D-VisTA (Zhu et al., 2023c) 669 340 27.1 543 538 696 104 139 357 224 48.5
3D-LLM (FlanT5) (Hong et al., 2023) - - - - - 694 12.0 145 357 20.5 -
LEO 684 369 27.7 57.8 547 80.0 115 162 393 36.6 53.7

Table 3: Results on CLIPort robot manipulation. We compare Table 4: Results on object navigation. We
with results from Shridhar et al. (2021). seen indicates in-domain compare LEO with similar imitation learn-
tasks. unseen marks OOD tasks with novel colors or objects.

separating-piles

packing-google put-blocks-in

ing agents in Habitat-web (H.w.) (Ramrakhya
et al., 2022) and CortexBench (VC-1) (Ma-
jumdar et al., 2023). S: success rate; L: SPL.

-objects-seq -bowls T LEO is not trained on HM3D scenes.

seen unseen secn unseen SE€En unseen
MP3D-val HM3D-val

Transporter 484 523 463 373 647 187
CLIP-only 902 710 958 57.8 977 445 S(M L) s LM
RNSO0-BERT 465 449 940 56.1 91.8 23.8 H.w. (shortest) 4.4 22 - -
CLIPort (single) 98.0 752 962 719 100 250 H.w. (70k demo) 35.4 102 - -
CLIPort (multi) 89.0 62.8 844 703 100 458 VC-1(ViT-B) - - 571 314
LEO 988 752 766 798 862 352 LEO 23.1 15.2 2317 19.17

A

4 A
o) : 7 O  Where is the bathtub O  Is the door closed or open
'be object £ located in the bathroom? £ to my left side?
0 Deser
There is a rectangular brown table. It &, Toright of toilet & Closed g
is in the center of the room. , i
had AN i o /
'a N
O I redecorating my bedroom and | need some advice. Can you help me? é Neatly organize and remove dirt
o from the living room.
Of course! I'd be happy to help. What do you need advice on? € ﬁ:
w 1. Wipe down the door,including 35"
o | want to add some color to the room. Are there any colorful objects in the room? the handle and any glass panels.
2. Vacuum or sweep the floor to
Yes, there is a colorful picture hanging on the wall. It is in front of a shelf gf 39"50\'5: aﬂg dlust, t;l]:rt. or l;:_Ieb'?s.
and behind an armchair. It adds a nice pop of color to the room. e shlllusersCss el i)
o including any shelves or drawers.
. . : 4. Arrange the pillows on the
i} 7
[ That sounds great! What other decorations or furniture are in the room? couch neatly and fiuff them up.
There is a wardrobe to the right of a stuffed animal. It is in front of a doorframe. 5] g‘lg:gs_thaa':‘if;de?j':]:::rz?"“g —
oAddrtlonaIIy, there are shelve attached to the wall, with various item displayed on them. 4 appropriate cleaning tool.
. . . . 6. Check and adjust the
[ Thank you for the information! It's really helpful for my redecorating plans. temperature or sattings of the
2 radiator if necessary.
You're welcome! I'm glad | could assist you. If you have any questions, feel free to ask. q.-_-
N AN J
e o f 4
fan) Pack the black shoe with green stripes in the brown box. D Please navigate to the toilet in the scene.
({029, 0.07, 0.08], [0., 0., 0., 1.0]), ([0.53, -0.18, 0.01], [0., 0., 0.38, 0.92]). E
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ImageNet Zero-Shot

100 ResNet101  CLIP A Score

== |deal robust model (y = x) s
959 @ Zero-ShotCLIP prac . : = .
® Standard ImageNet training g — 5 ~ 4 76.2 76.2 0%
901 o Exisiting robustness techniques ’,f’ ImageNel ‘ - ! - F ’ ’ 2

§ ImageNetV2 l 643 700 +58% ALt F &S task- SpECifiCﬁﬂ
&g

5 (ResNet101%)

_g |mageNel.R 37.7 88.9 +51.2%

: CLIP £ O00DE IR EE

E ObjectNet 326 723 +39.7% FaoEmaas=iE SRR

g ImageNet (. 252 602  +35.0%

8 Sketch

H

20

T T T T T r 2.7 771 +74.4%
65 70 75 80 85 a0 95 10
Average on class subsampled ImageNet (top-1, %)

, ImageNet-A il»ti__[ ,

- ——

» Alec Radford et.al., Learning Transferable Visual Models From Natural Language Supervision.
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Visual input example, Extreme Ironing:

ZIRSKEEPNIBRXZHE

AMRBRIRERE: MY AREE R HRBERZTHE
FOARNMIEIEE KIEBYLLaVa sEiZEIRIRAZEISPAIunusual ISR

User
LLaVA

User
LLaVA

Source: https://www.barnorama. com/wp- content/uploads/2016/12/03-Confusing-Pictures. jpg

‘What is unusual about this image?

The unusual aspect of this image is a man ironing clothes on the back of a minivan or
van. This is not a typical place to perform this activity, as one would usually iron clothes
in a more stationary and safe location, such as a home, using a regular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing setup on a
vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing clothes in such an unstable
environment.

[Start a new conversation, and clear the history)

What’s happening in the scene?

The image depicts a man standing on top of a yellow SUV in a busy city street. He is
holding a portable ladder, seemingly ironing clothes while standing on the vehicle. Around
the scene, there are other cars, a traffic light, and a fire hydrant. Additionally, there are

two other people in the vicinity, one close to the man on the car and another further away.

The man on the ladder appears to be attracting attention due to his unconventional choice
of ironing his clothes on top of a moving car. The city street around him is bustling with
activity, adding to the unique nature of the scene.

Challenging examples from LLaVA-Bench (In-the-Wild):

ICHIRAN Ramen [source]

Filled fridge [source]

Annotation

User
GPT-4 [36]

‘What is unusual about this image?
The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.

User
BLIP-2

‘What is unusual about this image?
aman is sitting on the back of a yellow cab

A close-up photo of a meal at ICHI-
RAN. The chashu ramen bowl with
a spoon is placed in the center. The
ramen is seasoned with chili sauce,
chopped scallions, and served with
two pieces of chashu. Chopsticks are
placed to the right of the bowl, still in
their paper wrap, not yet opened. The
ramen is also served with nori on the
left. On top, from left to right, the fol-
lowing sides are served: a bowl of or-
ange spice (possibly garlic sauce), a
plate of smoke-flavored stewed pork
with chopped scallions, and a cup of
matcha green tea.

An open refrigerator filled with a variety of food
items. In the left part of the compartment, towards
the front, there is a plastic box of strawberries with a
small bag of baby carrots on top. Towards the back,
there is a stack of sauce containers. In the middle
part of the compartment, towards the front, there
is a green plastic box, and there is an unidentified
plastic bag placed on it. Towards the back, there is a
carton of milk. In the right part of the compartment,
towards the front, there is a box of blueberries with
three yogurts stacked on top. The large bottle of
yogurt is Fage non-fat yogurt, and one of the smaller
cups is Fage blueberry yogurt. The brand and flavor
of the other smaller cup are unknown. Towards the
back, there is a container with an unknown content.

User
OpenFlamingo

‘What is unusual about this image?
The man is drying his clothes on the hood of his car.

Question 1

What’s the name of the restaurant?

What is the brand of the blueberry-flavored yogurt?

Question 2

Haotian Liu et.al., Visual Instruction Tuning.

Describe this photo in detail.

Is there strawberry-flavored yogurt in the fridge?
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« Vison question answering « Zero-shot classification
i |
Natural Viewpoint Input Adversarial Viewpoint Input Models Vision # Toatal ImageN;t IM3D ImageNet-V+
Example 1 , | Encoder | Params I
| “What i the object n this image?” | a 55 88% 26.22%

ALFBEF [36] | ViT-B/16 210M 6606‘#
el) VIT-B/ i | (1 13.18%) | (] 39.84%)

@\ “The object in this image is

; “What is the object in this image?" E i‘ a computer mouse.” I 53 360/0 2 510/0
’ ' ResNet-50 | 102M | 65.129 ' :
o — 4 3 “This is an image of an object ' esNet-50 /! (¢ 11.760/0) (J, 62.610/0)
@\ ;Tclng_]in;m this 1ma§e is i 1r‘1 an upnarura'l per’specll’ve i !‘ 1 66 600/0 37.99%]
puter keyboard. i can you identify what it is? 1 ) VlT-B/16 150M 7694‘]/' .

|

|

|

|

|

|

|
(1 10.34%) | (| 38.95%) :
58.59% 2924% |
(1 14.15%) | (1 43.50%) |
|

|

|

|

|

|

|

|

|

|

@- I The object in the image is a Inol.hbnmh( CLIP [49] |
ViT-B/32 | 151M 72.744i

Example 2 | Whati the object in this image?" | l‘ | o o
: ‘ : ViT-L/14 | 428M 81.96”/= 76.16% 4849 /
! @ :‘hzob_]ectt 1;1 this Image is a de}::oﬁmve.ld 2 (J, 5.80%)) (J, 3347 /0)
: and-pamted ceramic piece, which coul | |
! be a container or a vase." 70.73% 40.08%
e I B BLIP [35] | ViT-B/16 | 224M | 70.02°8
E What is the object in this image? i i‘ ' ! e : [ ] 1 / I (T 071 cyo) (J/ 29940/0)
st E ; in an unnatural perspective, i \‘ 76 380/0 50 05‘%]
“The obiect in this image is ! { canyou identify what it is?" E T 73.86% - .
S T o ag E ' p N ViT-L/14 | 449M 386’i (+2.52%) | (L 23.81%)
: S |ttt in e sl gt o convner | vitc/ia| 128 | 7700 | 8376% | 5792%
E S)S;ﬂ:ly d:;eulo tllLe a_ngl: or photographic technique b ° /! (T 6.36%)) (»L 19480/0)
sed to capture the image. I}

[ |

+ Showei Ruan et.al., Improving viewpoint robustness for visual recognition via adversarial training. iE: IM3DAZMABEIELE, ImageNet-V+EE ST IERABHEEEIRE
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2D-00D Viewpoint-OOD

Clean Dist.

Top-1
Acc.

80.0

70.0

60.0

50.0

40.0

30.0

» Showei Ruan et.al., Omniview-Tuning: Boosting Viewpoint Invariance of Vision-Language Pre-training Models.

B CLIP (ViT-L/14)

FEBRSE: REMY3DRATHHESEN

BOVT-CLIP (ViT-L/14)

I ------------ -y

Clean Benchmarks 2D-00D Benchmarks | Viewpoint-OOD Benchmarks :
2.8 1

ns ! i :

1.4 I I
10.1 |

I 1

I 1

. 1

: 19.4 I

| 112.0 :

: I

I 1

I 1

I 1

1

IN-1IK CIFAR-100 IN-V2 IN-R IN-Ske. | IN-V+ OQOD-Pose MIRO :
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Tennis Ball: 97.81% Wallet: 90.24% Hatchet: 81.23% Scale: 93.82% Mortarboard: 91.97% Rocking Chair: 58.98% Spatula: 40.98% u* )
: SIREKIRE
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Tennis Ball: 73.09% Wallet: 93.13% Hatchet: 31.01% Scale: 45.23% Mortarboard: 86.48% Folding Chair: 36.51%  Street Sign: 11.74%
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(1) Contrastive pre-training (2) Create dataset classifier from label text
plane
car
Text o | A photo of Text
Encoder ced | a {object}. Encoder

Tl T2 T3 TN

v

L LTy [Ty | Ty | . TN

(3) Use for zero-shot prediction v v v v
> b LTy [Ty | Ty | .. LTy T T, T3 Tn
Image N LTy | LTy | I3T LT
Encoder g - N e R Image I LTy | 1Ty | Ty | .. | LT
Encoder 1 1Ty | Ty | LT3 1Ty

L e ] L] - B, BUEEBEIHXEE
—> Iy Ty | InTy | InT3 | .. |INTN * p;':;toczg-Of E:E;:F*Woﬁ El.imimgﬁ

» Alec Radford et.al., Learning Transferable Visual Models From Natural Language Supervision.
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(Category B)

: I I
Wo W, Lire + A 2i 2y d(zw”’fj*)}

Objéct 1. :
(Category A) *

. N T I
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L 1
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L ’ where (2, 24,) = max [d(z;, 25,) +m, 0],
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3*: Freeze @~ =3 Forward

Framework of Omniview-Tuning # Update <--- Backward
———————————————————————————————————————————————————————————————————————————————————————————————————————————— )
1
Text Inputs :
& i
Visual |
A forklift in the 1
EnCOder white background :
|
]
]

1

1

. . Object 2 :

Az ‘g . (Category B) 1

\ : A !

1 - 1

| ] = !

I 2 S|

¥ o i _— -

. o 1 Y B 7 N e e 1 1
Pretrained il i v \ Sl 1
Weights X i | i @ \ ‘Gbjecrs-..} |
W, € RP*4 AERTUN i i R L \ % - (Category A) s |
1! 1 \ 1

i : { A . 1

:_l- “u ‘ Outlier Viewpoint *‘ﬁ' Viewpoint Center :

! A T T T P T T T 4

_________________________

-
-
-
-
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Multi-head Attention with LoRA Representation Space Cross-Viewpoint Alignment
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FeAiIRV77iERER R F S EREIR-XFSIRESHE  (JCLIP, BLIP)
EEEARMESHIIEE (832D-00D, #i1fi-00D, LIRTF#EE) LEFHFzero-shotsyFEEIIRIIT(L

Clean Common-00D Viewpoint-O0OD Naturai ViEWpDintS OOD. Vi eprintS

B e o

A. Comparisons with ViT-B /32 baselines +" Traffic Light: 99.85 X Rifle: 16.35 X Barbell: 12.40 X Pool Table: 9.83
93.9 63.3/88.8 64.3/88.1 68.4/00.2 | 55.8/83.4 422/70.3 33.4/622 5BH0.7/75.4 50.2/826 46.5/74.8 | 44.5/65.4 27.5/52.4 47.2/84.5 26.5/50.4 36.4/65.4 | 48.6/75.5 « Traffic Light: 99.98 « Traffic Light: 99.04 J Traffic Light: 99.94" ‘/ Traffic Light: 99.99
05.3 66.5/80.0 75.8/94.0 74.5/93.0(58.1/83.9 53.6/79.3 34.8/64.4 61.0/81.9 53.5/81.9 52.2/78.3| 54.4/72.1 37.1/63.2 46.0/81.6 33.0/60.2 428/71.5 | 54.6,/70.7

[17]

ImageNet-V2
ImageNet-Ske. [56]

=
z
1
d
E

Avg. Ace.

Tmage?

Model

ImageNet-View. [15)]
ImageNet-View. +
00D-CV-Pose [60]
Toatal Avg., Acc.

Avg. Top-1

MIRO [7]

OOD-CvV
Avg. Ace.

OpenAl CLIP

Open CLIP

OVT-OpenCLIP| 80.9/95.6 67.8/00.8 65.0/80.3 71.2/01.9 58.0/842 458/73.4 42,

5.0 50.3/71.4 51.7/79.5 49.7/76.7 |61.9/81.2 59.5/85.6 52.8/82.5 35.4/80.1 52.4 /82.4|56.0,/82.4

MetaCLIP| 80.7/05.6 67.6/90.5 77.7/95.2 75.3/93.8| 50.5/85.4 55.9/81.4 32.4/625 63.2/83.8 52.0/84.2 52.6/79.5| 6G1.4/76.7 41.0/67.8 48.9/87.9 34.8/73.2 46.5/76.4 | 56.3/82.0

OVT-MetaCLIP| 80.7/95.6 69.7,/92.0 71.8/93.0 74.0/93.5 60.6/85.8 47.8/75.8 43.5/73.8 40.0/70.8 50.1/80.1 50.2/77.2 (64.0/79.2 54.8/80.4 55.1/84.8 35.6/77.0 52.4/80.3(56.9,/82.3

B. Comparisons with ViT-B/16 baselines

OpenAl CLIP| B2.1/85.7 68.3/919 67.2/80.4 7T25/923 |61.8/874 482

3 277/55.7 5H.1/83.0 52.2/B4.6 49.8/774 | 51.6/68.8 369/63.8 534/868 30.1/661 43.0/71.4

53.2/79.1
Open CLIP| 83.2/06.2 70.1/91.8 77.0/94.8 76.8/94.3| 62.2/87.0 56.0/82.0 30.7/50.8 64.9/85.6 54.3/827 53.6/79.4|58.1/744 44.2/70.9 485/84.0 34.6/74.6 46.4/76.0 | 57.0/82.0

OVT-OpenCLIP| 83.9,/97.0 71.9/93.1 69.0/90.7 74.9/93.6 64.0/88.6 50.5/77.9 36.8/68.9 57.0/77.2 56.3/845 52.0/79.4 |65.4/80.7 61.7/85.8 56.9/87.4 42.4/84.9 56.6/84.7|59.6,/84.7 I L .
A-CLIP| 85.3/06.5 74.6/94.2 87.5/98.0 82.5/96.3|67.0/89.8 57.6/82.3 21.3/47.3 60.6/875 53.1/83.1 537/78.0 |61.8/76.6 443/60.4 530/874 32.0/732 48.2/7T6.6 | 50.1/82.1 ~ Bike: 5028 3} Rifle: 60.74 X scooter: 54.39 X Scooter: 83.64
MetaCLIP| 843/97.2 72.1/934 78.9/954 T8.4/05.3 | 65.0/80.3 60.1/84.8 26.2/56.4 70.2/89.3 52.3/85.4 54.8/81.0|64.2/79.4 49.6/76.1 48.0/90.9 385/78.7 50.3/81.2 |50.2/847 ' Bike:99.97 e s V' Bike: 99.62 V' Bike:94.97

OVT-MetaCLIP| 83.4/97.4 T3.8/941 73.9/93.6 77.0/95.0 65.9/80.4 53.6/81.0 36.2/66.8 50.0/79.6 51.6/83.8 53.2/80.1 |69.7/84.0 64.8/87.3 55.2/87.8 39.2/82.9 57.2/85.5|60.5/85.6

C. Comparisons with ViT-L/14 baselines

OpenAl CLIP| B6.5,/97.4 7h4/946 76.5/93.3 79.5/095.1 |69.8/90.9 H0.5/843 18.6/43.8 T28/01.4 529/888 54.7/T98 |60.3/75.6 40.8/TLD 4T.0/88.2 38.0/741 48.0/77.3 | H8.6,/82.8
Open CLIP| 86.8/97.8 75.2/94.3 83.7/96.7 81.9/96.2| 67.7/90.2 63.2/86.4 24.0/50.5 74.5/91.2 54.5/85.0 5G.8/80.6 | 65.7/78.1 & N 905 42.3/83.0 5H3.4/82.1 | 61.9/85.0 #%%Hﬂ Qz‘govTiJIIﬁ
OVT-OpenCLIP| 89.0/97.8 77.3/95.3 79.2/95.3 81.8/96.1 69.6/91.5 61.9/86.0 27.5/55.4 71.3/88.7 56.4/87.0 57.3/81.7(72.2/86.6 69.8,/89.7 57.3/94.1 50.0,/89.3 62.3 /89.9|65.1/88.1 —n ‘IL -/,
EVA-CLIP| BE.5/97.9 79.6/96.0 90.6/98.6 86.3/97.5|72.8 /92.7 GR.0/89.1 16.3/40.0 B2.8/95.T H4.7/874 5H8O/8L.0 | 7T1.5/82.3 6L1/81L.7 54.4/94.5 39.6/86.1 56.6/86.1 | 65.0/86.8
MetaCLIP| 38.3/98.3 T9.1/95.89 B4.1/90.9 B3.8/07.0 [ 725/926 68.9/89.8 17.0/40.6 SL.8/95.1 56.6/87.5 58.3/81.1|77.3/80.3 G0.4/87.0 58.9/93.3 48.1/80.06 62.7/89.8 | 66.6/85.0 Eiur*nﬁ 00 D*¥$iﬂg§;n E %;Eﬂ
OVT-MetaCLIP| 88.8/97.5 77.7/95.9 84.0/96.9 83.5/96.8 70.8/92.2 64.4/879 20.8/47.0 77.0/92.7 56.3/89.3 5H7.8/81.8(79.3/90.6 75.4/93.0 57.0/94.4 46.4/93.8 64.5/92.9|66.5/89.3 i L Lm E

D. Comparisons with BLIP ViT-B/16 baselines

BLIP| 76.6/93.3 52.9/80.2 67.0/88.3 065.5/87.3 |47.3/T47 51.0/76.6 25.6/33.4 64.3/83.8 53.9/87.6 48.4/75.2 | 55.2/68.2 36.8/63.3 50.8/89.9 27.0/66.1 42.4/71.9 | 50.7/77.1 #i&;:?rﬁ{mﬁ;&ﬁ iﬁ t Hg:i‘h,l-i
OVT-BLIP| 82.2/97.0 61.7/88.8 66.6/88.9 70.2/91.5 53.7/82.9 46.5/74.2 33.8/62.7 57.4/T7.9 56.4/87.3 49.6/77.0|62.6/79.0 54.8/79.9 55.2/80.5 31.5/73.2 51.0,/80.4|55.2/81.8 - J i 1
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Real-world Domain Synthetic Domain

OOD-CV (iid) [60] | OOD-CV (Pose) [60] IM3D [47] ImageNet-V+ [47]

Model Visual Encoder |5@1.0 @0.5 fQAdp.|FQ@1.0 fQ@0.5 fQAdp. | Q1.0 Q0.5 fQAdp. | Q1.0 FQ0.5 SQAdp.
OpenAl CLIP(ViT-L/14)| 44.1  61.1 67.5 46.4 53.6 58.7 46.7 53.3 58.8 20.4 255 32.1
LLaVa7h TeCoA® [38](ViT-L/14) | 41.9 58.9 65.5 36.1 41.6 49.2 26.3  30.1 42.6 8.7 11.6 22.6
FARE* [49](ViT-L/14)| 42.1 589 652 | 40.2 459  50.8 35.2 392 492 12.7 158 231
OVT-CLIP(ViT-L/14) | 43.5 59.5 65.9 | 46.5 53.6 59.1 | 494 54.0 61.8 | 26.4 31.9 41.0
OpenAl CLIP(ViT-L/14)| 45.4  68.0 70.6 48.6 58.6 60.8 487  56.7 60.8 21.2 284 32.5
LLaVa-13b TeCoA® |38|(ViT-L/14) | 42.4  67.0 72.2 374 489 51.3 25.0 28.6 415 84 109 21.8
FARE* [19](ViT-L/14)| 43.9 66.7 71.1 419 52.1 54.8 36.1 414 486 12.1 159 20.8
OVT-CLIP(ViT-L/14) | 45.7 67.3 70.8 48.2 58.6 61.9 50.4 58.9 63.2 26.4 36.2 40.9

Original CLIP:
“A black background with a white wheel.”

OVT-CLIP:

“A metal dumbbell is on a black background.”™

Original CLIP:
“A black and white photo of a plane.”

OVT-CLIP:

“*A bicycle with a white seat and black frame.”

Original CLIP:

“A small model of a machine gun.”

OVT-CLIP:
“A small model of a cannon.™

Original CLIP:

“A wooden cabinef with a black background.”

OVT-CLIP:
“A wooden bench with a metal leg.”

Original CLIP:

“A napkin is folded into a flower shape on a table.”

OVT-CLIP:

“A chair with a napkin on it.”

Original CLIP:

“A car is upside down in a hole..”

OVT-CLIP:

“A motorcycle is laying on its side in a hole.”
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