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Achiam J, Adler S, Agarwal S, et al. Gpt-4 technical report[J]. arXiv preprint arXiv:2303.08774, 2023.
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m Oli: Transformer Block

» Transformer Encoder & DecoderZ2t5g A 28EIE % THE TRANSFORMER { Loam e St”de”;] et
%Iﬂ EEJ:?EELUEEI)J ( ENCODER STACK DECODER STACKI A
> [BEET/EX{ERAEncoder (BERT) @¢Decoder ( ENCODER ( DECODER ):
) )
(GPT) : ( ENCODER ( DECODER ] :
: [ ) o :
: ( ENCODER . ( DECODER ]
( Softmax ) 3 '3
( Liéar ) : ( ENCODER : ( DECODER ) :
A ) : )
( Add & Norm - ( ENCODER ' [ DECODER J
Feed 4 4
Forward ) [ ENCODER [ DECODER ]
| ST )< [ T ................................................. y
{__Add & Norm ) iR : I
E Feed ] | Attention INPUT ‘ Je suis étudiant
Forward A A A
SR (" Add&Norm )
-P( Add &INorm ] ( /l//a;/(ed 2
[ Multi-Head Multi-Head
Attention L Attention
y 4
Positional T n Positional . QKT
Attention(Q, K, V) = softmax | ~— |V
[ Input ] [ Output ] V dk
Embedding Embedding

f ;

Inputs Outputs (shifted right)



m Overview

> Decoder OnlyfyTransformer 2514 SLT Decoder
> TRER: 2SR, BaTRmE, B ——
BB SRR A TR RIEE _— +7
> EBSEE: ME—ATFHEE (B563i0) rCmEan L
> Tokenizer: B A0 E o )
. BASIE (OE. EiR. SR BESNE s
Moken (M%) BIEHHFTLIFHA @ S0
- BEIERES: =
> LLM—RHEE QT R— Token (i3) ! t
> FUAY F— 1 TokenizfEim A\ TokensEY/GH,
ST R Token, B AT
Token(<EQOS>), ;
> FEEHTERSEELLMEZIREE [@ GPT-Z)
> it input i

> FUPEES, BE—1TDHNFRT—"Token T .



MTokenizer

RN EEZ S, {FATransformerBYHEIA
ANEHEERIEREGTRIZ S

ArEf—MAlEA—E 1 Token

B BRIA SRR 791.57 token (sub words)
AELLMBAYTokenizerAZL—#E
https://huggingface.co/spaces/Xenova/the-

YV V VvV V V V

tokenizer-playground

Token Embeddings (wte)

aardvark
aarhus
dadron
model vocabulary size
50,257
ZyzZzyva
—_—

embedding size

JRIASA

The GPT family of models process text using tokens, which are common
sequences of characters found in text. The models understand the
statistical relationships between these tokens, and excel at producing
the next token in a sequence of tokens.

You can use the tool below to understand how a piece of text would be
tokenized by the API, and the total count of tokens in that piece of
text.

l Tokens

The GPT family of models process text using tokens, which are common
sequences of characters found in text. The models understand the
statistical relationships between these tokens, and excel at producing
the next token in a sequence of tokens.

You can use the tool below to understand how a piece of text would be
tokenized by the API, and the total count of tokens in that piece of
texth

Input ids EE=5

[464, 402, 11571, 1641, 286, 4981, 1429, 2420, 1262, 16326, 11, 543, 389,
2219, 16311, 286, 3435, 1043, 287. 2420. 13, 383. 4981, 1833, 262, 13905
6958, 1922, 7770 16326, 11, 299, 27336, 379, 9194, 262, 1306, 11241 287,
257, 8379, 286, 16326, 13, 198, 198, 1639, 460, 779, 262, 2891, 2174,
284, 1833, 703, 257, 3704, 286, 24206, 561, 307, 11241, 1143, 416, 262,
7824, 11, 290, 262, 2472, 954, 286, 16326, 287, 326, 3704, 286, 2420, 13]

l Index Embeddings: [vocabulary size*hidden size]



m Word-based Tokenizer

- EXAHS A

"Don't you love & Transformers? We sure do."

- — 57
> e RHNEERTSRO NN
["Don't", "you", "love", ”Q}”, "Transformers?", "We", "sure", "do."]
Do not?
[IIDOHII’ 1l III’ II_tII’ Ich)LIIIr IIlovell; II@IIr ”TIaﬂSfOImEIS”! II?II! IIWEII! ”Sul’e”r IIdollf II.||]

> SIAMIN? HEFREIEX
> HERERHIEEARRENtoken (dog, dogs)
> JERIEEKR, BEBFEEX



m Character-based Tokenizer

> THREEZREFES, SARARRNTENERFRFNGE
> RNiR/NAICERBIARFS A
> (B! AFRIEFENRIFRS

> BRERERD

> FFEBEKKtokenFY, BRI TR

> IFANFEHARKIAE X



MSubword Tokenizer o

> Words#characterZg&——subword ]
> BAEARA—Nokensx D:>9<ie
> AFENRE, MEKASF, BAS MtokenFk L
> RIETERE—ESERSEE
[ dogs ]

- AT

» Byte Pair Encoding

» Unigram

: [ dog J L S
> SentencePiece

tokenization

A

token ] [ ization




m Byte Pair Encoding

> [FHREFINEIWord-based Tokenizeri#{TfaTokenizer

AR
("hug", 10), ("pug", 5), ("pun", 12), ("bun", 4), ("hugs", 5)

> 5cf8%Fbase vocabulary
["b”’ ||g||’ "h”’ "n”’ "p”’ "S”’ 1] ||]

("h" "u" "g", 10), ("p" "u" "g", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "u" "g" "s", 5)
> gritiEdBtokenERT HINAYSTZR, THRSMEBHITEH, EFNAE
("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5)
> BREERXIMGEER
> =BFIRE+ERRERAK N
> TRER:
> EARFRAEEEIAR, B P UnicodefRie2EATFRF

> B0#? Byte-level BPE

FR WM AEARtoken
23]

>
> MMNFEDSHFEUnIcode



m Unigram

> RISk, SAlmRE—IMRARRNER, BE MR, SXREREREELAIRINT SR
lossgZNn&x/)\A Token

> AEER, mMESSentencePiecedEs

> ALY FGEERE AR 5750 GAIFTE TokenHiz)

- WEFTBIANRHEBRIERl0ss ™ freq x (—log(P(word)))

B VVocab Vocab
10/1

foorif h e : 36//188% il
e pul st = pu| 12/180
12 PUg £ T 8/ 36/180 :h 10/180
Sig => 5 b o) s | 0ne0
=== U I lu |5/180
4 bug p L] P|[12/180] e
5] [due b < b| [4/180]

k| bu 1 bu 4/180

d | d 5/180



m SentencePiece

> FIFFMEESEBEE=EIS

> BEIATILAN FRFEIE SHpre-tokenizer, {BIRKT BN

> SentencePiecelFMINRNFTIM LA —MERERT N, WUTF-84REE, BEBIESTXM)
> {FFIByte-level PBEEunigramtaziali[ &

> LLAMA, T5%tEEUA FARYTokenizer



K2R\ EEA#EE (Casual Mask)

> LLMBEERE [T Scores

Keys (before softmax)
T
_ : _ . robot must obey orders 0.11 0.00 0.81 0.79
P(wl:T’WO) = HP(wt|w1:t—la Wo) ,with wy,y = @, Queries
i—1 robot ~must obey orders 0.19 0.50 0.30 0.48

robot must obe orders =
y X robot must obey orders 0.53 0.98 0.95 0.14

gﬁxﬂﬁ&[ﬂﬂiﬁ%l\zﬂ]ﬁzfﬁ? robot must obey orders 0.81 0.86 0.38 0.90
> Causal Mask

> LabelsXdp — token

> 3l

Scores Masked Scores
(before softmax) (before softmax)
Features Labels 0.11 0.00 0.81 .79 Apply AMttention 0.11 -inf | -inf  -inf
position: 1 2 3 0.19 0.50 0.30  0.48 Mask .19 0.50 -inf | -inf
Example: 0.53  0.98 0.95 0.14 0.53 .98  0.95  —inf
1 robot must obey orders must
0.81 0.86 0.38  0.90 0.81 0.86 ©0.38  0.90
2 robot must obey orders obey
3 robot must obey orders orders Masked Scores
Scores
(before softmax)
4 robot must obey orders <eos> o044 | w=tnf | =inf | =int 1 0 0 0
Softmax
0.19  0.50 -inf  -inf (along rows) 0.48 | 0.52 0 0
0.53 0.98  0.95 -—inf 0.31  0.35 0.34 0

0.81 0.86 0.38 0.90 0.25 0.26 0.23 0.26



K7\ BEAEE ——ERE =
> ¥EIE (generate) BI9AIRRES: /
> Bl? SRERREEM— R / \

> The nice woman

> B#218450.5%0.4 = 0.2 \
> B8R : 288 ‘has’ IXFhEMEZREE (0.4*0.9=036) , /

RN240i=H. \

| enjoy walking with my cute dog

Output:

| enjoy walking with my cute dog, but I'm not sure if I'll ever be able to walk with my dog.I'm not sure if I'll

ever be able to walk with my dog.
I'm not sure
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> Beam Search (EEHR#Z) , Num beam=2
> (RETBENRISHRZGEERARRES
> PRREXRRENSHERRREFS X
> tEROEREEEIMERE S F
> SCRRAOFRIEER T, XEBARREDZR
> ERTREMKEEARNTNAYMESFBeam SearchxRIMER
¥ (VEEEhESE) . BXfFLAsEEREX (XE)
> EEXESERNFN, FERBEFNEHEIGIE (n-gram)

> AXENRE!

| enjoy walking with my cute dog

Output:

The

| enjoy walking with my cute dog, but I'm not sure if I'll ever be able to walk with him again.

I'm not sure if I'll ever be able to walk with him again. I'm not sure
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BeamSearch Text is Less Surprising

NP e == N - 10 1 4 A mem T . hre il Rk il i
> AXEWNIRE, AERAFN. AEIXTH ﬁ \ iviviiviviyvipyviy
J e
. BERNAKES ROESHE T ETM57 ‘ l w h
- IR AR TR AT | Il
= Human
> AR NN AT REENER - BeamSearch
. . N 0.4 1
> RBEtemperature: TH#/NEIEE \ |
eYi 0.2
softmax(y;) = =
e J W | ) | A/U
00 T T =0 T T T
0 20 40 60 80 100
Timestep
0.5 0.4 0.5
0.3
s o
nice dog - drives T s | enjoy walking with my cute dog
i The ) car i drives

Output:

| enjoy walking with my cute dog for the rest of the day, but
023 this had me staying in an unusual room and not going on
o0 nights out with friends (which will always be wondered for a
nice dog <o woman guy house mere minute or so at this point).

The nice house

o
)
o
N
o
M




02 \QE[DEL ] o pm—--1

1.0

> Top-KX#* Y wevis . Pw]“The”) = 0.68 Y wevi . Pw]“The”, “car”) = 0.99
> EFTEREIAIEEKA R A A BERYH T RET IR A — —
> BRUiEE—LeEr R IERYERIE |
> (B AMAERK, KRBEERE
> WERDHRG, TARKSEELAS D il H
> WIS HREIE, S/VKIERehED 00 o @ o WDQ mD pong hD = dives D Sops domn & Tt e small
P(w|“The”) P(w|“The”, “car”)

| enjoy walking with my cute dog

Output:

| enjoy walking with my cute dog for the rest of the day, but this time it was hard for me to figure out what to do with
it. (One reason | asked this for a few months back is that | had a



02 \QE[DLE] ] o pm—-—t -

> Top-psRiE (IEREE)
> MRS PRI \AT RS BA S it S M T TR
> FIRRIUTHAS BRiTEE -
> Top-KfNTop-PaILALE & {EFE
> Top-PXTFE? H
> BiFEEPESOHBeamSearch HIMESFFIITE oo U D JO0 JO000o QUleo-z22=
2 TR |4 a1 Plwlhe) Plu|"The?, "ear”)
> Top-PEINtEESZEEFFIFIN
> BUNERA N EE RN R RS

1.0

| enjoy walking with my cute dog
Output:

| enjoy walking with my cute dog for the rest of the day, but this had me staying in an unusual room and not going
on nights out with friends (which will always be my yearning for such a spacious screen on my desk
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>

EERE (Perplexity, PPL)

> BE—RERERIEIFHINE, REEMXEAIRENS, JUAREAIERE

B, R,
Bln, e JLERATEEE

> PPL=P{t)*P(Hr[dt) *P(A[HEAR) *P(T[HEARA) *P(E[HEARATL) *P(BE[HLARATLE) -1/n
SEPREFRTEELLBIE ORIA TR

perplexity(W) =

Hfttigtr: BELUZE

oooooo

1

V7

w1, w2, W3, W4,

------
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Stage

Dataset

Algorithm

Pretraining

Raw internet
text trillions of words
low-quality, large quantity

D

Language modeling
predict the next token

O

Base model

1000s of GPUs
months of training

ex: GPT, LLaMA, PalM
can deploy this model

https://karpathy.ai/stateofgpt.pdf

Supervised Finetuning

Demonstrations ®
Ideal Assistant responses, bt
~10-100K (prompt, response)
written by contractors

low quantity, high quality

Language modeling
predict the next token

init
from
SFT model

1-100 GPUs

days of training

ex: Vicuna-13B

can deploy this model

Reward Modeling

Comparisons

100K -1M comparisons
written by contractors
low quantity, high quality

D

Binary classification
predict rewards consistent w
preferences

init
from

RM model

1-100 GPUs
days of training

Reinforcement Learning

Prompts =
~10K-100K prompts d
written by contractors

low quantity, high quality

Reinforcement Learning
generate tokens that maximize
the reward

init from SFT
use RM

RL model

1-100 GPUs

days of training

ex: ChatGPT, Claude
can deploy this model




EER\ Pretraining il &5

> FBERKTERIR (8T-GPUIIIZEA)

> REZHRIESIRE > 1000-10000 V100 GPU_LiJllZx1 8
> MBRRONARERELE > EERANS0,257
> GitHub, wikiZEMitiESRELHIE > LT IKE2048 token
> IllZx&EA/\ 300B tokens
Dataset Sampling prop. Epochs Disk size Model Name Mparams Mayers Gmodel Mheads Ghead Batch Size Learning Rate
GPT-3 Smal.] 125M 12 768 12 64 0.5M 6.0 x IO:j
CommonCrawl ~ 670% 110 337TB e R BB n o [N B
C4 15.0% 1.06 783 GB GPT-3 XL 13B 24 2048 24 128 IM 2.0 x 10~
GPT-3 2.7B 2.7B 32 2560 32 80 M 1.6 x 1074
Github 4.5% 0.64 328 GB GPT-3 6.7B 6.7B 32 409 @ 32 128 2M 1.2 x 10:2
Wikipedia 4.5% 245  83GB GPT3 7SBorGPT3® 17508 96 188 96 128 32M 0610~
Books 4.5% 223 85 GB
ArXiv 2.5% 1.06 92 GB
StackExchange 2.0% 1.03 78 GB
» 2048 A100 GPU_LJIIZR21K
Table 1: Pre-training data. Data mixtures used for pre- —
training, for each subset we list the sampling propor- > 1ERAN 32,000
tiop,‘number of epochs perfox.'med' on the subset W}}en > TR 2048 token
training on 1.4T tokens, and disk size. The pre-training
runs on 1T tokens have the same sampling proportion. > YIZREXR/N 1-1.4T tokens




MScaling Laws

>

Scaling laws: fiAMREIMERE L, SEEN JIIGEIEX

NDEITHEECHXRER. LLMASE—ERIE

1 .2 ‘
L=-=% Yo G logp(¥ipy | wi,ws, - wis6)
t=0 i=1

LAREENE ERRE R, (k) vidr)
CRIEVIIGIEEIRTAYFlops, FRIEEIREL

F P tokenZ R—IRRIRIERE, —RREERE, KRE
& 1&HIFlops BRl & RERIFIE

C ~6ND

MFHEE ¢, RBISHE N EEEXNDM D, HR

SHMAAEFEILON, S8R L SBA EF=EER

BEXR

o attention: 4Bs’h + 8Bsh?

= Q, K, V: 6Bsh?
o FiEMinearEh->h, input: [Bs,h]*[h,h], EZEO(Bsh”2),
o TEEEERITHE, MEBIE-RIEcte ), BERR2=2(Tp16) (LRI (cite §.1FTLLinear
fUFLOPs= 2Bsh’
= attentionfBfEITE (Q*K) : 2Bs’h
e B*([s,h]*[h,s])->Bss, EZ*EO(Bssh)
= Softmax: Z2K&? EHEERtbattentionfEiE—f)?
* BssiRexpit®, TEHE, IMETE
= attention*V: B*([s,s]*[s,h]) flops= 2Bs*h
= Output(linear): 2Bsh?

o FFN: 16Bsh’
o B Bx[(4s°h + 24sh?) % [ + 2shV|

Kaplan J, McCandlish S, Henighan T, et al. Scaling laws for neural language models[J]. arXiv preprint arXiv:2001.08361,2020.
https://zhuanlan.zhihu.com/p/671327709



MScaling Laws

MFHEE ¢, RESHE N MEEEXN)N D, AR
SHUAAEEHLON, REEEE L SEA EEEER
BEXR

o
BEXR? L(z) = (i)
xZr
XBTE, ‘HlaBEE

—RR A 10Y B CX AR P E S e RN PR R

y = alogc — ax’

LLMfScaling Laws3EiJRFsLie, {EFS?
> FRURESER, (FETEE)IGRISFIESE
> ITEHEBRS, StepZiES
> BENSBERE
> DT RKIESERERRIR:
> W= BHE)|| Zhih 2 sErE R (G iR Skl

Test Loss
'~ (6] [«)] ~

w

L = (Cmin/2.3 - 108)~0-050

4.2

3.9

3.6

3.3

3.0

2.9

—— L=(D/5.4-1013)-0.0%

5.6
4.8

4.0

3.2

2.4

—— L=(N/8.8-1013)7007

N

-9 1077 107 10* 107!

Compute
PF-days, non-embedding

108 10°

Dataset Size
tokens

10° 107 10°

Parameters
non-embedding




MScaling Laws

> e > &g
1EE RIFNAEB R shapedstEx > TEERE, MMtkEE

SEENSHE, BE—, RERIES—E > THREEN
M@ RRE (ST &IERBESHIEIIXRER) > RIEREESHERIRIEK
Data Size Bottleneck > EE§13:: BSiFD Ste pi.t/tgg:rg
- Data Size
4.0 . 213
;‘f 33 . 1M 108 - Minimum serial steps Q° Data requirements
é - » ahne increases negligibly — —~ ‘\&6@ grow relatively slowly
| s * e
2.5 ' 1o "‘\0* ea\o\\ o
106 107 108 10° \00*

Params (non-embed) 10+ Optimal model size

Multiplicative Contribution

e\ 3‘\1,9 . p
. . o 9=F|J = “Od increases very quickly
— E 7 =I=
> EEREURSE, KRBI/IMEELAEIR SR E 102 o0 0Q00*
S\
J 1 00 T T T T
Larger 'fewer sampl TFw optimal model size grows smoothly 1 0—8 1 0—6 1 0—4 1 0—2 1 00
to rt'z\(‘h lho same pvrtm'|m\n('(‘ with the loss target and compute budget C £ (PF d )
ompute (PF-days
Test Loss 10 ﬁﬁf\rf::‘gfgg}iam‘if
[ sl
108 10¢ 1
Compute-efficient
training stops far
rt of convergen

10 100
Tokens Processed Compute (PF-days)



ER\ SFT MM

> KBS RIREHEH T
R~
> .Et1yﬁ?#&ﬁ{yﬂ7£?iﬁ? 1E%J:J\Eﬁﬁ P[;fi::ion C|::s5kiﬁer Classification | Start | Text | Extract |]—-{ Transformer |—-| Linear |
\/B_t L)\r lu\ %?ﬂ 1&” S
> |E|73_7£ T - :
Eeedleoniard | Start | Text 1 | Delim | Text 2 | Extract |——| Transformer
- WE— T EAAEOEREE, L ] :
| Start | Text 2 | Delim | Text 1 | Extract |——| Transformer
.Itti“ =73 1\ : - .
N . - S Context Delim | A 1 | Extrac Transfi Li
. %fﬁj’j—;i IMI | | | tart | onte; | | | nswer | tract |:—-{ ransformer H inear
1 Multiple Choice | Start | Context | Delim | Answer 2 | Extract |-I Transformer H Linear
> BESBRDRX—E, BAIFRE ’

%le, REFIETE

/
\

Entailment | Start | Premise | Delim I Hypothesis I Extract |—-| Transformer H Linear ]

Text & Position Embed | Start | Context | Delim I Answer N I Extract |-—| Transformer H Linear




ER\ SFT MM

> Transformer FBEES EiEZ EPRRFLIE
KEES, (U TRUT—MFC, SEHE
1BE T HRRZ2XFNFANEEINEDRI A RS

Context (passage and previous question/answer pairs)

Tom goes everywhere with Catherine Green, a 54-year-old secretary. He moves around her office at work and goes
shopping with her. "Most people don’t seem to mind Tom,” says Catherine, who thinks he is wonderful. ”He’s my
fourth child,” she says. She may think of him and treat him that way as her son. He moves around buying his food,
paying his health bills and his taxes, but in fact Tom is a dog.

> \%J\jprompt Engi hee ring / it*%ﬁi% DJ\%EH Catherine and Tom live in Sweden, a country where everyone is expected to lead an orderly life accord-

ing to rules laid down by the government, which also provides a high level of care for its people. This level of care

SCEEEETAY, ML EHITEEIES cos e

People in Sweden pay taxes on everything, so aren’t surprised to find that owning a dog means more
taxes. Some people are paying as much as 500 Swedish kronor in taxes a year for the right to keep their dog, which
is spent by the government on dog hospitals and sometimes medical treatment for a dog that falls ill. However, most
such treatment is expensive, so owners often decide to offer health and even life _ for their dog.

> ks FY o3z = == M/
-LJ:$E§:E:{L;E{%ZEETU=| j*é In Sweden dog owners must pay for any damage their dog does. A Swedish Kennel Club official ex-

—_ lains what this means: if your dog runs out on the road and gets hit by a passing car, you, as the owner, have to pa;
= =4 =] P b g g yap g car, you, > pay
T}TE‘?I\:& E*Eﬁzl:HI\JTIE/J \ for any damage done to the car, even if your dog has been killed in the accident.

:{%—gﬁi’ﬁj H’\J rﬂ @E&E%E 2 ;ow old is Catherine?
GPT-2 is “tricked” into

1‘%@4%%521%%, EEJZ%FF%%Q Sz RRREEEEEE & performing a task by

Y WV V¥V VY

completing the document

> EEHNMESENNE



EER\ RLHF

> (EELLMITFF AXRET

> Reward Modelj)|
ERASFTIERILLMXY R 42 9N AR [EE

YV VYV VYV V V

L.(0) = —% Z{V log(sigmoid(ry (query, chosen) — r¢(query, rejected)))

Zx

MEARYEIRITH o HEF

il

4 H 3SRV HUE

Pair wiss loss

— N/ NReward Model

Vi Vin
e
Value Head
L I 1]
Critic Model
prompt ‘ Response

Al AH—I

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

) o

Explain gravity. Explain war...

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs




RER\ RLHF

> RHLAEE TFREEHFS

>

Y VWV V VY

Action: 7t t i¥%l, #RAERFE L, FH—
token, FI{EZ(8)R) AiEZF%K

State: 2§ 4 i AVtokendr, JRZSZ EIE) APTE
ftokenZH &

Agent (policy) | KRB K G

BT . —SEE Mresponse s il

Value: RM

Ref model: SFTARAY  FHkfHBIActorBIiL 1L,
RIUEH AR B SFTAR A

Actor model: B #R3REZIEEL, {EFHSFTHILE 1L

RL in NLP

________________________________________________________________

C‘ A token in response

--> Use prev to predict next

Ay A
R, Ry
Sy Vi Vin
St41
Vi Vin
Value Head

Critic Model

prompt { Response

A A




RER\ RLHF

i SRESLICIEZEPPO
JIIE=9 gtk
» actor model, ref model (SFTLLM)

critic model
ActorfR¥EpromptEERL—" 1 answer
actor model fIAEFH S8 Iref_modeITEKLEE LT
Nloss

> 2% actor modelfVHIHo%h
Reward Model fR¥EanswerigiH 2N FHI5 5
Critic ModeligjHHiZx N B V

FR¥EPPOEFActor M Critic

> reward model, (RM)

Prompts Dataset

x: A dogis...
/" Tuned Language )
Initial Language Model Model (RL Policy)
8\8 y 88 : Reinforcement Learning
8 QL O\ 8 v YA A\ Update (e.g. PPO)
& o6 A SOFe “p pE—
\ /X <
\l/ \l/ N
Base Text ©©®® RLHF ®®®® Reward (Preference)
®® ®® Tuned Text ®@®® Model g
y: a furry mammal y: man’s best friend > % §vOO \® g
L &0
\, \)k</ ’ = 2 = 4
" > J,
— kL Dk (7ppo (Y]2) || Moase(y]e)) S
7
KL prediction shift penalty
ro(y|T)




EXB\ PEFT (Paramenter-Efficient FineTuning)

GFAREEIER DRREFFEENSE, FEMNTERIRX
ZRIREIE

> EEMWE: £
> BBMEPEFT: RMUGESHEENITESERE, KIEST)
FHES LRYMERE, MMERBEABLT)IZREEAYI) 2R AN,

P-Tuning V2 s i

g Probabilities
P-Tuning+
BPNFEA [_smt@
LORA @ Linear
FIREROEMBIRINE
sl @
Feed
Forward
QLORA @
Add & Norm Multi-Head
FFeed Attention "
> orward
Adapter Tuning |(3)
RS RS N
Masked
Multi-Head Muiti-Head
Attention Attention
\ S} 7 & e’
Positional 6; ® d Positional
Prompt Tuning | ="¢09n9 Encoding P-Tuning
WASNETIIES = input Output RIS EILSTME
s appr | G E’“"ef""”" E”‘bef“’"‘g BERHEABRBOA
Prefix Tuning Inputs Outputs ®
SAISIEIS LT @ (shifted right)
AR




m LoRA: Low-Rank Adaptation

> Insight: 2R 213 88veY, SNER/NNNELEE, #2583 EKETIXME h
BIRTELE (low intrinsic dimension) E{FEIERL,
> AR, BEHNEHFTE:

Wy + AW
> FRGERANNERERE, IEBINMNMERARIZI S0 (PREREATNA 4R il 2
BEB) : WE

Wy + AW =W, + BA,B € R¥”" A ¢ R™**
r—i%im/ NFhidden size, BY8&8416
HENENMET UEES s KA TERSM Inference Latency
Ao mYIatRERFA, BREMF#IEIC/I0
R BRAMRE, FEEEIES, B NAEMMEEFR (BRIES)
KHbS#alpha: TE R

> %rescale AW

vV V VvV V V¥V

> Why?



m LoRA: Low-Rank Adaptation

> B h
» Mo BN, NSRS TENAE, HIHEEEE,
ERRE; Y r BAR, MRELEER, WA EESENLE, Ya *£ N
BRI A @idrescale, FiIEE forward TG FET

KR X R RS20 7)1 25
> 1/r RIERARIMAscale, affsm{EscaleZRE] WE
> —RRFOrEEL BB GE N
> fErankiE K sRAVEUEIE KHER R
> A*BRREYIIRRERMrankEEEX
> BE o g 1, XEERAIRITAILFAS WA,

—USEIch A a>1 (BIa0 16 8; 32) , AR & f
RIS, .




EZB\ Adapter-Tuning

> BEEESEREEANI— T HEFFNfIREAdapter

/
!

--------- t-——-----~
- ~

(2 N

Layer Norm h

Transformer
Layer
l Adapter I

2x Feed-forward
layer

¥

Layer Norm

5

I Adapter I

Feed-forward layer

) |

Multi-headed
attention

e

|

I\
N
~

l" Adapter
Layer .

OOOIOOO

o~

Feedforward
up-project

T

J

Nonlinearity

N\

[
OIO

Feedforward
down-project

)

[
Q00000




IR\ LLAMA-Adapter

> IRELLMEF
> EERLEIRICENprompt
> WiZlearnable embedding
> Adapter fusion &R GatefaE)lZ:
» Output: EARZTRMBattentiont2iREiH
> Q: [RANIZTRMAJQuery
K, V: learnable embedding
Output= Output + Atten(QK,V)*Gate
Output4r 4z if/E4eRIFFN
Gate#J4a1t /90

> RAT—ETFIMER tembedding, FISEMBHER S
BRENMAMARCLE. A, BET—IEEEIENERS
shEBINE, ZAET LABE RS S F LR ENE
LLaMAR, FERBERUREE 7 EFu)IZRa9%MR

Transformer Layers x L

oe)
Adapter Zero-init. Attention Z
Zero =3
Gating o+ Soimax
x ¥ N
Softmax /’———7‘—.::1Q
=
K e I i
L
Adaption T
Prompt Transformer Layers x N-L

Vanilla Attention ES

‘, Fine-tune
% Frozen Softmax
A
X Scalar-multiply & E 2
et S ~ =
<4 Concatenate s r ~ =
/ [ v\ =
-
Word | ,
I M+1
Tokens e
L1




PR\ Prompt Tuning & Prefix Tuning

> BEFITEZpromptLANIIAREESS (hard
prompt tuning)

> Bpromptiap AIEISHS 5L, BEER

tokenft&Eprompt (soft prompt tuning) .B { prefix |
> SIS ERprompt ° D D

layer 12

J

Agagagugngag

source

" prefix layer 2

woobooaaa

i

A 4

- prefix layer 1

o oo

\Ldaw /T aw ]

oy
]




EER\ Mixture-of-Experts

> MoE
> FRZMEEIFRIRME . Transformer 188 th FFNs FEEREGEE) 80
> BETTAZIENM . HZ NMEXEREEGRFENFEIHE
> ITERRNERMY

10,000,000 GB/s e
Nalysis

1,000,000 GB/s analysis

Memory BW Requirement

100,000 GB/s .e. A100

£
=]
=
H
T
<
©
<2}
>
o
o
=
()
2

10,000 GB/s 8xH100

256xH100
1,000 GB/s

65B Params 175B 540B 1,0008 2,000B 10,0008 50,0008
Params Params Params Params Params Params

Model Size

RPfER 8x H100 thARZBLALABHD 33.33 MtokenBUERERS 1 {288 EERE



EER\ Mixture-of-Experts

> MoE
> TWERMoER: &{CFFN ’ h o
> T HERB\IRE ML : RETokent & iEZ B |

L < f—b{ Add + Normalize P—
-

G, (z) = Softmax(z - W,) ; — /.é P
» MOESEHUIE R R SR EIIRE: BT S
2 T Ki T2 { Switching FFN Layer ] p=0es L P
» B Top-KI T2 Iz i L
> Bﬁ 1:)_1, E% E { Add + NTQrmaIlze ] \ \ ry . |
Self-Attention )

> g |)\¢$HJJ | OSS T .. r—b[ T Add + Normalize T J‘—

> iﬁ I'_E ga:)—-_(?e;: % hRS . . L . Self-Attention x
> MoEImE: BRHT L embecding D embecing

[ 11111 x[TTTTT]

> FREHRFEHEEAFT R e reremeters
> HRNEMBTRE=Z
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EER\ KV Cache

> EBEIFEBEREPEFZBRIKAV:

2 B HR AT ]
> FERR: BREZ/DEE?

>

>

>

>

>

Hidden size = 4096,

TRM =321
4096*2byte*2(K,V)*32=512KB
ZEa)FKE1024Token
512MB, A100lVE=FHA T

> WED?

FLEEERI X EARARREZE—MIRETHAR, EREFEEHERSE

MEEHEIE., SR XFEENXAKEANS, T—XAS+l, HTNEHHE
MSHELZEE, FILRRIEEN TS MokenfJitELEREZTSHEN, €
FREmbeddingit &, H—F. B—MFENELATHKQVIRE, FEINE, X

KIEENFINEEEERITE.

Step 1

Q KT QK'
Query Token 1 . Q,K,
g <
> 4
=7 2
(1, emb_size) (emb_size, 1) (1,1
Q KT QK'
Query Token 1 e
§ 1
S o =
Nk x | & = X
& s
(1, emb_size) (emb_size, 1) (1,1

[:I Values that will be masked |:| Values that will be taken from cache

Vv Attention
Value Token 1 Token 1
(1, emb_size) (1, emb_size)
\Y Attention
Value Token 1 Token 1
(1, emb_size) (1, emb_size)



IR\ MQA&GQA

> MQA: Multi Query Attention
> Z 1 HeadH=K, VIXE

> GQA: Grouped Query Attention
> BHeadnH, BEHEZ—/KV

Multi-head Grouped-query Multi-query

Values

— e S N S NG NG | S— | — | — —  S—

 UOUeUuod L 0L [ !
~=(|0000000 00000000  DO00ODODG

]
J
J
J
J
]
]
]
J

-]




m Flash Attention

> TransformertZBIsLiREREREN?, FEMHESE
ELLUEILO(N)
Algorithm 1 FLASHATTENTION

> FIaSh Attent|on Require: Matrices Q, K,V € RV*4 in HBM, on-chip SRAM of size M.
1: Set block sizes B, = [4:1] B, = 111111(|—4,-| d).

> FaSt with IO Z:;mﬂ /EI\\_;H—E ’ .jj}TH Z—IO 2: Initialize O = (0)yxq € RN*4 £ = (0)y € RV, 17.1 (—oc0)ny € RN in HBM.

3: Divide Q into 7, = [g’—,} blocks Qq, ..., Qr, of size B, X d each, and divide K,V in to 7. = L’;’—‘} blocks

Ki,..., K7, and Vy,..., Vr,, of size B X d each.
> ‘éﬂlﬁr 1§éﬁAtte ntlon g N2 ﬁﬁ%li jj%EBE ] 4: Dilvidc (0] iTnt(:lTr bllocks O,-T. .%), (;lrz,,eof(s;:c Be:i;ld each, divide ¢ into 7, blocks ¢;, ..., lr, of size B, each,

o

divide m into T, blocks mq,..., mr, of size B, each.
1 HI%Z= 5: for1<j<T.do
Fla ShAtte ntio n{ﬁ’ \BEF:':O( N) 6: Load K;,V; from HBM to on-chip SRAM.
7. forl1<i<T, do
> *EEEm Z_L/L 1L,ll+/§1t§ EH_] |I:I:|I Eégnazﬁzl: 8: Load Q;, O;, £;, m; from HBM to on-chip SRAM.
9: On chip, compute S;; = Q,-K'Jr € RB-*Be
E’gAttentlon 10: On chip, compute m;; = rowmax(S;;) € RBr I~’,<j = exp(S;; — m;j) € RBrxBe (pointwise), t;,-j =
I‘OWSllln(f’,'j) e RE.
. . 11: On chip, compute m!*¥ = max(m;,m;;) € RBr eV = emim g g @iy {7,»1- € RE-,
> 1§éfEAttentlon . 12: Write O; « dia.g(f;‘”“’)‘l(diag(f,-)e'"""":""w 0; + e’i"'f""-'"ewIS,-jVj) to HBM.
. 13: Write {; « 7V, m; « m}*" to HBM.
> MNEFHRIRQKHE->KBERSEAREF->NEEF o+ ad
5 en or

iESitEsoftmax->BERPEORF->NEF o
IZEYPHIViH{T it R - > 85 ROEM B1F.
> FlashAttention: BRI E, B—Loh[ExER (20SH]
P) NitE£&ENELIEEFEL, NMBERSXEHFZE
SN I)E




EER\ Mixture-of-Depths

> FEFSOESEENESIONAEE, LLMIMA o

> FELLMEIESEIREEEE TokenEd Ha0
Transformer Layer, AR E2EZBESREEZSUD

> YER— B ERAYE AR TIX N0 28

Self-attention

> BN D X% Top-K N Token (R T fadk 19T

|

Q
+ BIAEIosSHIMLPRE R EIEIARREIA) - fucs-
PRSI R ATES Aitoken AR RtopkZ IR, o o

ou
LSS SR token @75 AEED $ t
X Xis1




ER\ S RAE o mmautort RIEaRslen BLRUESRIE, R T HERMTEE,

LLM
S
MA—MMESHEEMR B Z X &R 1THE#E, LLM

ETEENRA R TZE R B AREE
SR RFBTERE— N Tokenf95 %, BE!

— R forward Bk #)51Z /1 Token;

[START]

japan

[START]

japan

[START]

japan

[START]

japan

[START]

japan

[START]

japan

[START]

japan

[START]

japan

[START]

japan

I-I=1=T1I=T2I=T1I=TI=TIH=T1In+-

I 1L IV IV IV IV IL 1INV 10

W

benchmark

EEINE, HGPTHRHA

bend n

benchmark

——

benchmark

—_—

benchmark

| —

benchmark

——

benchmark
benchmark
benchmark

benchmark

nikkei

HE——H

nikkei

bt i

nikkei

bt i

nikkei

] i

nikkei

b —{

nikkei

b i

nikkei

bt i

nikkei

e —t

22 35

225 index

|

225 index

|

225 index

|

225 index

3 |

225

225 index

3 |

225

e B
.
e
_r
=
228

226

69

69

69

69

69

69

I~ 2. I I-

I~

= =3 AL oAl s>

> (1) HEMER AR RIS

> (FFHENERIE RS MEIE token FFFl, EREEBEEARSZ MESE token
(#RA9 speculative tokens) ,

> (2) EIRBLIIHERRS

> EREYYEIGINX L RE token EEFEEMRS 1.,

> (3) Token 5B

> B RFEBEINEY, WXL token SHEEAFNERLER.

> 164 WNERIEENERIA RN token AFEEIEREEST, MRS
A RXLE token,

> (4) PREGELR

> IEHENERIRISEAE RN token, FAEBIIGF, BRI,

<% -

PLlisppeem . By 0

ar & 2 PeItEnE ; X9 10 259 2

or & ;. 7 percent , 10 1@ 5 989 .

P & 2.0 PRICEAE 5 80 &6 5 DEO -



EER\ RAG: Retrieval Augmented Generation

> RAG: 1aZIERER, BRIRKAILLMMNATE
> RERRA + LLM #27R
> BRARLLM:
> FRRBRMYE
> £)ERR
> BiEREt
> RAGE=ANKEMER:
> REREEENAIRE
> NRRBEEET AR E PR RBERNE
> ERRREINETXUEARY, RFEMAR
> RAG vs Fine-tuning
> BAHR, HEHF

Retrieval—Augmented Generation



m RAG: Retrieval Augmented Generation

- FNERAG: DIEEES|. MBI {,q = M@@@J
> HUEETS R ERBR AR
> PP EERATER B A B topK |
> BEMFETpromptEmk —

> TR ' v
> WRREE: ARCRNENNSEER [ J
> REMEEINER NSRS \
> WLGMEEE AR, SESETRESSRIRE

[ B % ]

Prompt Frozen LLM

|

L Qutput J

Naive RAG




m RAG: Retrieval Augmented Generation

. Advanced RAG: [F’\ = |<,9 B @}
> *ﬁ?ﬁﬁ%f@ User .Oueryj Documents

- ACEUERS|: WIBMUERRT. (LRSS, FINTEIEGE. XM e b
> Embedding: Eim:m l Indexing

> RUEERN R RASERZERIEXRMSE

- BN R TR [ s
- RREE | |

- EfF ARENERTSE, SHTFEE, BALLMARHIERS T e

> promptfEfE: WA ETXKE, RSTRYERRS o
> Pipelineffifk: = o

- REMRAEER

- RS }

. FEY [ owu

Advanced RAG



EER\ RAG: Retrieval Augmented Generation

> 1REIR{ RAG:

>

YV VYV VYV V V¥V

LR T ST ERY RIJEERRIR

BERER
RFER
BRYME PR R
XIFFRIR
IUERELR

Modules

Patterns

. Retrieve |
N >
T
.’I .\.
. Read |
L >

Naive RAG

A

-
A
-

| ]
| ]
| 1
| (]
i 1 I ]
| 1
! Rewrite RAG Rerank |
| ]
| ]
| 1 I ]
| ' 1
| ]
| ]

[ Rewrite ] (Demcnstrate) L Retrieve ] j<-
T T
Fa N . T Fa "y
| Retrieve | . Read
~ m S~
Rerank " Retrieve |
~ <
T T
7 > X - -‘\
|  Read | ( Predict ) . Read -~
A A S, r
ITER-RETGEN

DSP
Advanced RAG [khattab at al 2022)

Modular RAG

[Bhao et al., 2023
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| why & what is MLLM
« BRABSERAXRNETHREFTAERSERE (Wx. M. aifF) (—MEEMSR, eSS ZAIMLISF
SRUAEIIE#FINF 2T
- ZIRSKNESEE (MLLMs) AF EER—MES T ZMEFRIRIT (EBG&. mE%F) HARESERE
- MNEINEHFEIIMS, SESKESERELNA. BGEARESERIEBAN, FHERNAMESE

Modality Encoder MEy Fr LLM Backbone | Modality Generator MG
Textt —_— —|—>
NFNet-F6

A — -

T T
Multimodal Understanding Multimodal Generation

|
|
1 I
I . o Flan-T5 ChatGLM Image
I Vit Input Projector Oy .y | Output Projector O1_y
Image | Linear Projector | Stable Diffusion A
| Image Video CuP ViT u2 Qwen I \
I MLP
= FX P. S Tiny Transformer Vid
I Iy S 2y e = OPT _{y ﬂ‘; = —
| e = MLP e
Q-Former
: C-Former PalLM LLaMA
I Audio .|I|||-|- s | ideer P-Former e .|||||.|.
: S Masomer LLaMA-2 Vicuna Q)
|
|
|
|
-_—

|
|
|
|
1 AudioLDM
|
|
|
|
|
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l A RoadMap
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Few-Shot Learner
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Finetuning on GPT3.0 & 4096 Tokens
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32768 Tokens
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| sacsmmeRan MEESIERERIISIES AR

OpenAl GPT-4BZE&E ElR &E5098E5H

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

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

generative pre-training scaling the model size exploring scaling limits

GPT-4 Turbo
2023.09
. . longer context window
code-davinci-002 YMuhabnaasd text-davinci-002 YW  text-davinci-003 YekusadW 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.
60



B A TR SIS AR
B SRS B

R RS NEES

BfilAtRE0
FiE@E: BEFKIESRE LLaMa {TEHT RSHSESKIEE A8 EliR 550

Parameter-efficient fine-tuning

Full parameter fine-tuning

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

equal mentorship contribution,

s
- = = = Continue pre-training m LLaMA
Model inheritance Instruction f?“ \
Data inheritance tuning T
+ chinese data { + chat data
_______________ N4
P Vi
- - arXiv 1234.56789 CO Open in Colab
- - (_h a5
Open-Chinese-LLaMA = = = 77 ! ,],m“ + synthetic data
7 1 Vicuna m (0] i
: ]'\ Vicuna verview
A , ~ Panda + task data
Linly-Chinese-LLaMA | = = 1 ) aopocs
! | Chinese "
- RLHF Yulan-Chat F
; |Liawia e @) o LLaVA: Large Language and Vision Assistant
+ chat dn'ra = Lora PKU-Beaver =
il.La
@'\ Cornucopia = = .
+ chat data + syjf{wtic data Visual instruction tuning towards large language and vision models with GPT-4 level capabilities.
+ Alpaca data
T Lawyer [ p ] [
L7 LLaMA OpenFlamingo LLaVA !
(/5 BELLE MiniGPT-4 - :
. + chat data . Ziya + tasK data @ Community Contributions: [
QiZhenGPT i Baize + task data
Alpaca + task data Guanaco
+ task data
Koala + task data VisionLLM InstructBLIP Chatbridge
.
@ OpenFlamingo
Adapter PandaGPT
Multimodal models
pypi package m B
| Blog posts: 1, 2 |

AR Taoli

BenTsao

ChatMed

LAWGPT

[ Math @, Finance Medicine {2 Law [/ Bilingualism AR Education

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

Institute of Artificial Intelligence

Intro to Vision-Language Pre-training

(VLP)
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| AL FEXESIESTIGERR? N AREIR%
Al “MEESSIESMS " AAXNG 2RI RINSESTIGRB AT E kiR Z—
1. AKAUF70%ERKERRIRG, FIRLI20%~30%0E M EITofftte
2. EERMIERM T 90%RIEN AR, MXAEIER 5T710%

EiﬂJr Parietal Lobe

« AP
« INERED
- BR, A

VB cerebellum

. PR

- &R - TS

. Nk, 5 BRI
+ SENE/PEIR - IEEH

« JEXREBRIA: M5 TS REE R A



l Vision-Language (VL) &ZEHE
VLEINER S A=

1. 2014-2018%: &I JAVEEMKIRIT AT AERIES

2. 2019- 2021f|5 (BERT1L$) l_1§ﬁﬁm}ﬁgﬁix_\4
HLE

VLIS (VL-PTM)

¢ 20175E-20184, NLP-PTMs —PTMs+{iAtEz{—SOTAMEE
¢ 20194 VL-PTMs HSHRI(E

\

/IN |

%EI’\JH%I%*EE?E

Large, Noisy, Free Data

- _ ~  Pre-troining Tosks
= = s ° M
© VILBERT ks | ;e
e'm J Model . - « Image-Text Matching
9% J *  Word-Region Alignment
* UNITER Uttle girl and her dog In norther: e ’

Thailand. They both seemed
interested In what we were doing

// \-

vea VCR Emﬂnul C uplmmng

v - .‘),
L P AN ’

« JEREBRIA: MERE-1ES T I EESE H RN A
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l Vision-Language (VL) &ZEHE
VLEINER S A=

3. 202155 MEECLIPRYHIN, HAEEESE KAYSS VL-PTMsEYEi# (2019-2021)

FRESEURE FF0)|IZGVLER , FHEiTVLTN)E3E e 49 6MES- A%
REBES: RETN + BRST
BitgeiE KNETEEART MERRI oiEE ARG SOVLEE TR
UNITER, OSCAR, Unicoder-VL,
VL-BERT, VLP, HERO, ActBERT
. ) .
o CLIPREUGHTI{E (4hYmrS282Rt4) | ¥ ) !
VideoBERT, VisualBERT, . ERNIE-ViL, ViLT, VirTex,
° BLIP/Z‘%EUI«E (gﬁﬁg_%ﬁﬁg%%gg*@) ViLBERT, LXMERT CLIP, WenlLan, ALIGN, SimVLM
32 3. 3MES AR S48 400MEHRSAX
RIS WA + BEAF | | RBES: T
RHIAE: ATRVLEES + ASiEEE FHBIE: STHEES + B304

SRR, 1VUES +28UES

« JEREBRIA: MERE-1ES T I EESE H RN A
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| seseEs/ msEs
VL{ESSH3RY 7 SESTAZIMESRIEN] SRRERIVESTFIRINES

VLERKESS (B8 BEliR-XF7) VL3#ES (BE: BR-EE-E5RY)

Visual
Encoder

Language

[
— “(at sitting outside”
Decoder €

Answer
Prediction

——— Hamburger

, g Language

What is she eating? ——— guag
VQA & Visual Reasoning Image Captioning Encoder
Q: What is the dog holding with its paws? Caption: A dog is lying on the grass next

A: Frisbee. to a frisbee.

Image Classification
Text-to-Image Retrieval

Labels: [dog, grass, frisbee]
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

Object Detection Segmentation

| - ==

dog, grass, frisbee dog, grass, frisbee

Video Captioning
Q: Is the dog perfectly still? Caption: A dog is lying on the grass next

A: No. to a frisbee, while shaking its tail.

« JEREBRIA: MERE-1ES T I EESE H RN A
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| seseEs/ msEs
— B RS

1. Text-Image / Image-Text Retrieval

P
.

Image
DB
S

“a girl with a cat on grass” 27|

« VQA2VLN2021 partl, part2
67



| seseEs/ msEs
— RN THES:

2. Captioning & Visual Question Answering

What color are her eyes?
What is the mustache made of?

Is this person expecting company?
What is just under the tree?

* VQA2VLN2021 partl, part2

How many slices of pizza are there?
Is this a vegetarian pizza?

Doesitappeartobemm?
Does this person have 20/20 vision?

68



| seseEs/ msEs
— RN THES:

3. Visual Entailment

WHEREROIRHNZESHERES, ERREMN—RYXAS—IREGNEEXR (E3/FiLFE)

e Two woman are holding e Entailment
packages.
e The sisters are hugging e Neutral

goodbye while holding to
go packages after just
eating lunch.

e The men are fighting e Contradiction
outside a deli.

Premise Hypothesis Answer

* VQA2VLN2021 partl, part2
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| seseEs/ msEs
— RN THES:

4. Natural Language for Visual Reasoning

The left image contams twnce 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 partl, part2
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| seseEs/ msEs
— RN THES:

5. Visual Commonsense Reasoning [ a8+ (A

« VQA2VLN2021 partl, part2

ZACIES

Why is [person4’] pointing at [ person1 ]?

a) He is telling [person3i’d] that [person1! I ordered the pancakes.
b) He just told a joke
c) He is feeling accusatory towards [person1 ']

d) Heis giving [person1 fg}] directions.

| choose (a) because:

a) [personi|
b) [person4

Bl | has the pancakes in front of him.
] is taking everyone's order and asked for clarification.
8] is looking at the pancakes and both she and
] are smiling slightly.

; . ] is delivering food to the table, and she might not
know whose order is whose.
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| seseEs/ msEs

—LE RIS
6. More...
Visual Question | Video-Language = Visual Reasoning and Compositional| | Natural Language for
Answering (VQA) | Inference (VLI) Question Answering (GQA) | | Visual Reasoning (NLVR)
(—S Classificaton —v«——>» B ——— S — - T E—
‘ Visual Entailment | Visual Commonsense  Category Recognition| - Grounding Referring
(VE) \ _ Reasoning (VCR) (CR) ) Expressions (GRE) |
Multi-modal Sentiment
—> Regression > Analysis (MSA)
' ’ ~ Vision-Language |
(Downstream Tasks }-—4—»; Retrieval —b‘ Retrieval (VLR)
. 5 " Visual Captioning 'Novel Object Captioning at | R
;b( Generation '—>'. (VC) Scale (NoCaps) l ( Visual Dialogue (VD) l
Multi-modal Machine Vision-Language Optical Character
’ ‘ QR J . ‘ Translation (MMT) ] [ Navigation (VLN) ] [Rooogniﬁon (OCR)]

« VQA2VLN2021 partl, part2
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| virmyzmismses
FF Feature Extraction

1. NAESHAFEREY 2. BlGIRSHIREHIEEEN
« LSTM e CNN: Feature Maps
« BERT * ROI: Detected Objects

 VIT: 16*16 patch

* Pixel

3. ASMARSHMATAEREEY
- JCHENNE AFFE, BIERFE A
FHIEAERRRE TAFIE

» temporal maxpooling / mean pooling



| virnosmismseis

Model Architecture

Task Layer

Task Layer

A

Iy

' Language EHC Odel‘ .

Unified Encoder

Modality Fusion

Text Embedding

Language

Tokens i

Tokenization%tembedding

Language

(a) Dual Stream Models

1. Single-Stream VS. Dual-Stream

- BRIV NN N RISFHEESE—EE, ARBARA Transformer IR, BYGFHER

Tokentzation i Tokenfzation
&embpdding  :  &embpdding
Language Images

(b) Single Stream Models

TIRRIEZESHAN, BEEHEIUM merged attention, SERIEE S,

o WERE2IEN TN ARBIFEREESE—, MERZBMARIRNAREL Transformerit, A3t
=28, MEEIRRNFEISCIER

85, EB#EME co-attention,

Visual Embedding




| virsossmizsigei
Model Architecture

glass frisbee glass frisbee glass frisbee </s>
T Pt Tt
[ Encoder ] Encoder > Decoder

r T T

<s> glass frisbee

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

2. Encoder-only VS. Encoder-decoder

- KRS VLP RE(NE2%wEes, HPFERSHFRERBAIET MLP Nt EREMRLEH, XY
ITBRAES VL EFRESS, Hla0 VQA FIdlHEE

o EHATTERR T —EET Transformer HY4mADeS-FISREERM, ISIRSRRBAMIENGERRE, ARENGELE.
EIXEARET, R AT R mASes RIS cRIERRIIRIC, LABERIFt £k, AIIASEIRFE
{&-SCAESHIG—H VIP IRENERA/DEAZS, ARBRERIEESEMSEANES. 75



| virsssminsats
F)ll&A2E 1. Masked Language Modeling (MLM)

Ly (0) = —E(wv)~p log Py (Wm | Wiy V) = Image Regions: v = {v1, ..., VK }
= Sentence Tokens: w = {wy,...,wr}
dog = Masking Indices: m € NM

|
UNITER ]
G [y I S S —
B man with his [MASK] -

Masked Language Modeling (MLM)

+ tostraightforwarddg—FREES, BEGRIES—FEF7RAItoken
- EFBELLMsHhMasked-Language-Modeling Btx, ESBEUGFINAESHITmMaskTun
A mask AT 9 [EfftokenIHAEE
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| virsszmisEs
Filll&Rzz62. Masked Vision Modeling (MVM)

- B{EMLM, RANTENE REEE R patchiY token #H1ThEImask
« (FRETEETERIRIM RIS XAFHERY BN FEEH mask BIFIT4FHIE

2.1 Masked Region Feature Regression (MRFR)
= Image Regions: v = {v1,...,vk }

9
fo (Vi | Vim, W Z Hh ( m) ( f;j) ”) = Sentence Tokens: w = {wy,...,wr}

= Masking Indices: m € NM
ho(vy)) r(v)
| + 1 mask BHIATIERE SN SR
/ B TR EE, HER
[ﬁ. auTER | SRR &2 AR A L2 @3
man with h|s dog o

pred:

77



| virsszmisEs
Filll&Rzz62. Masked Vision Modeling (MVM)

- RIEMLM, RANIEMEREEE R patchiy token #HiThEHImask
© (FREAELETERIRIMCEHEFIFTE X ARHERYER FEEW mask BIMAFAE

2.2 Masked Region Classification (MRC)
Af = Image Regions: v = {v1,...,vk }
fo (Vm | V'--.,,m=W) = Z CE (C (Vgl)) » 90 (Vgl))) m Sentence Tokens: w = {wh e ,w:r}
o = Masking Indices: m € NM
go(viy) €R®  ¢(vl)) e R¥
o ZFIFA mask FHERIXISIEN K, VLP
REIE S mask FHERYE T IREE] FC 2
LAFRUINS S2ER R8N, Riai—L @l
UNTER | softmax EAHEEEHATUIE— 57

/e ! : : : :
g man with his dog -

o—dog

V()



| virsszmisEs
Filll&Rzz62. Masked Vision Modeling (MVM)

- RIEMLM, RANIEMEREEE R patchiy token #HiThEHImask
© (FREAELETERIRIMCEHEFIFTE X ARHERYER FEEW mask BIMAFAE

2.3 Masked Region Classification — KL Divergence (MRC-Kkl)

M m |mage Regions: v = {“Ul, Cee 'UK}
. — R B () (4)
fo (Vin | Vim, W) = Z Dkt (‘3 (Vm) 196 (Vm)) = Sentence Tokens: w = {w1,...,wr}

=1

= Masking Indices: m € N

- SMRCAE, EXE, NMEREXEIZE
Mir&{EAground truth, moEfml—

UNITER ] distribution over semantic classes (soft
. o m————— label) , GEFIKLEREETEIRL

B man with his dog -



| virsszmisEs

Fll&5RZI0 3. Image-Text Matching (ITM)

n FIBT=A] text-image pair@ A EPLHe: FFEIAFRY [IMG] tokenFISASHY [CLS] token #1TULEC

Litm(0) = —E(wv)~D ylog so(w,v) + (1 —y) log (1 — se(w, V))])

Y- on
*

UNITER

i~ I S S -
- 3 [CLS] the bus is -

& W2, Vision-Language Contrastive Learning

- VLP RBYSHIMRIVAIR S =g 4tEs FC B0 sigmoid BREILATIN O 2 1
ZI8RIZEL, H 0 XrmAESANE, 1 FrilmihE= L.

- mligsHAiE, VLP REES—SNAIESETREFENIN. T EETA
ME 2 FRREA ISR A E IR AT A PRI B SLA SR EUEERY.
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I A summary

VLPRFSHEEN: MNHFRE / BEIRIRE / RS

VLPRIZRMEX S (IRSHEHMEEEHITRISAME) Single-Stream VS. Dual-Stream
VLPRIZEEX 9 (EACSTRISESEIE88) Encoder-only VS. Encoder-decoder

FllEsAZzN1. Masked Language Modeling (MLM)
FillésAzz(2. Masked Vision Modeling (MVM)
Filll&RZE 3. Image-Text Matching (ITM)



| sttmemTe

ViLBERT
Vo
Embed (hVOr hvl: “'nhv:l']
<IMG>
-
<CLS> Man shopping for fruit ___ <SEP> & ]
L-k x

e 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 (XA #r+XEHEFR)

- Co-TRM: EEfEZSattention
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| sttmemTe

VILBERT
v\l:l'l"\_ Q\IF.. ";“ ShOP;i"g Aligned / Not Aligned
(o] ﬁ% o | | o o] (P [ B ] [ (o ] (P (P o] [ B (o) (P
Vision & Language BERT isi & Language BERT
Y k“s_bj L<CLS>J tme' MASK> JLtorJ L<ssp> . A% <cLs> LnanJ Lshoppmg LforJ L<sep>
(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.

« Soft-label 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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| sttmemTe

UNITER
(image Embedder ) ( UNITER Model \ (Text Embedder )
| Featu [ Text Featu
e - Transformer i S
s B '} ‘ 4 ) : I 4 [ [}
e Opam
- IK] Emb] [Emb]
[R-CNN] [;auonl “.«' . — ' [ Token H Position
\ ) man W|th his dog on a couch -\ y,
. L2
UNITER ] UNITER ] UNITER ]
) - . 4 ‘ ) I s
. man with his [MASK] - .man wvth hns dog .-(CLS] the bus is -

Masked Language Modeling (MLM) Masked Region Modeling (MRM)

 single-stream

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

« Pretrained on MLM / MVM / ITM

Image-Text Matching (ITM)
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| mnmmsen: cUPRIBSSGHTIE

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

R RIS TS ABRFRIEMT

* Motivation: HFINITENMATARGHRZ—FrDERS, MEEIN 7 EERIZES!
FRYZWHE (FERTMIEIREENE) . RIELEENEFNRENATEIZ—ES
RIREAIEBNRTTE, HEEmRAE ZRIA REEEE.



| mnmmsen: cUPRIBSSGHTIE

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

(1) Contrastive pre-training (2) Create dataset classifier from label text
Pepper the | Toxt ] ’
aussie pup —> «| & photo of Text
Encoder l l l l » 2 {object}. [ | Encoder ‘
Tl T2 T3 TN e =3
—» 1) LTy | 1'Ty | I)'Ts I'Tn L
_ , . (3) Use for zero-shot prediction v Vv v v

Image | a ; o =
Encoder & > { lmage | f ] LTy | 1T | 1T 1T
— 1 | Encoder : AL | T2 S - | 1IN

A photo of

—» Iy InTy | InT | INT; ‘IN‘TN
a dog.

« dual-stream
- train on large weakly paired text-image examples (WITE{ESE: B 5400MEBERISFEERIESIXT)
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| mnmmsen: cUPRIBSSGHTIE

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

- Dataset: ETHEMXE—EBKHIEIR-XAITHIEE

L XA, AFVIPEIRMELIEEEZEF3), MS-COCO,
Visual Genome. YFCC100M, BIFZEE AT I, RES
EEfHfEs/], KARF0.1IM, YFCCI00M KA FH 100ME Fr,
ERREEN, FUREARBFELEXNET, TRE, XN
FIBEG/NELSM, KZAFImageNetZEZR T K,

ZEFMBLUEE X/, OpenAIBCHE T —/M400MAYEL
B, FHSKNERHITIER, BIMEBAAF20KNE
B—CAR X . IZEIBREFEFRAWIT (webimagetext) | £
EMGPT-2EAMNEALRS,
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| mnmmsen: cUPRIBSSGHTIE

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

- FIRE: SESHHFES BTFITMRI—H

NEEEIWENRFESI —MRARE: f:x— E, DFESHEUERETERAS BANEE EEH1E A8
M s, RHIEE XA tripletloss )11k

—————————————————————————————

ZESXEFS, N2 NARRSHEIEY, H#HITXEZEINRE BINER-XAY) | ¥ TaENEEEFIXCR
MEMR, 05 F RS R BCE HR SR RRA = E. FIl%E, @ENESHRN, RRUEEEARIBRARR,
RNCHMACEREAN AR LIAX -2 BERRE, TR A BEXXIFEEHRKL image-text contrastive (ITC) loss

N exp(d z‘-',z_;-f T
Lior =~y iz log Z:Lpéx;(ii(zs ,);;{))xfr)’

Litc = %(ﬁf—:ff + Lr1), 1 N exp(d(z; ,2;)/T)
Lror = —§ 2ima 198 S G D7

38



l WitdmtSaeoety: CLIPAZIE

RSl

T

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

* Pretrained on ITM Task

Lirc = 5(Lrt + Lro1),

(1) Contrastive pre-training

Pepper the '
aussie pup |||l—> ETM

I LTy | T2 | T3 | . |hTn
N P
@——» Image ol |1 [ nT B - [T
I || WeT T2 [INTs | ’ InTy

STEMGFISCAR, 437 R AP ANEncoder,

B E| 3 A Hyembedding
[1,1L,..., IN], BHS 5

[Tl, Tz, Ty ]

\-L—l_ﬁ 'Ifﬁa“ﬁl

M % & f&embedding
— P HNTREEPE

L7 =

1
Lror=—%

# image_encoder - ResNet or Vision Transformer
# text_encoder - CBOW or Text Transformer

# I[n, h, w, c] - minibatch of aligned images

# T[n, 1] - minibatch of aligned texts

# W_i[d_i, d_e] - learned proj of image to embed
# W_t[d_t, d_e] - learned proj of text to embed
# t - learned temperature parameter

# extract feature representations of each modality
I_f = image_encoder(I) #[n, d_i]

T_f = text_encoder(T) #[n, d_t]

# joint multimodal embedding [n, d_e]

I_e = 12_normalize(np.dot(I_f, W_i), axis=1)

T_e = 12_normalize(np.dot(T_f, W_t), axis=1)

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function

N
_% Zi:l lo

i1 log S

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss i + loss t)/2

i Birz

k&

SR FR MFRAYcross-entropy loss,
%) ME—3 (B—PXA, FEEF) 5 7%Kcross-entropy loss,

exp(d(z].z] )/T)
>k exp(d(z],2]) /)

exr)(d(zt 2,)/7)
1 exp(d(z] .zg)/T)’

(1) Contrastive pre-training

e 7
T;[T‘T,l n |

I 1.-T|7n-rg LTy | Vn-Tx

ol [T BT 12{‘. - |

@——» E'r':‘;%: I I:"Tl’IJ-T:'I}'T;‘ . .IKITN
| | T ‘ INTa .IN-T_w —K

RAMIEEN AL ENTE, MR/NMCEREXFHENAR (GERNHEMTER)

NRREFENE—T (B—KER, REXAKER

BHEINFIED BRI

R RRE PE

89



| mnmmsen: cUPRIBSSGHTIE

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

W{AISCERCLIPI)IIZ—LApytorch 794l

vinson2233

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:®" 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[idx]

return image,title

~ own data
list image path = ['folder/imagel.jpg’, 'folder2/image2.jpg"]
list txt = ['description for imagel.jpg' , 'description for image2.jpg’]
dataset = image title dataset(list image path,list txt)
train_dataloader = Dataloader(dataset,batch size = BATCH SIZE) #




| mnmmsen: cUPRIBSSGHTIE

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

W{AISCERCLIPI)IIZ—LApytorch 794l

- B%E: J{t4aground-truth2—1

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

# 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(dewvice)

logits_per_image, logits_per text = model(images, texts)

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

total loss = oss_img(logits per image,ground_truth) + loss txt(logits_per text,ground truth))/2
total loss.ba ard()

if device == "cpu”:

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

optimizer.step()

clip.model.convert weights(model)
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| mnmmsen: cUPRIBSSGHTIE

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

loss_img = nn.Cros

loss_txt = nn.Cr y
optimizer = odel.parameters(), lr=5e-5,betas=(0.9,0.98),eps=1e-6,weight decay=08.2) #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(dewvice)
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)

B%: J{t4aground-truth2—1
arangesk&? [0,1,2,3,...,len(images)]

MILMERIDERESARE, RRBEEER, ¥R, &’
RIRER, BRAZmEiRARIHEINlabel 2 [0,0,1]
WE, WTFENEGR, SNNEBARRNAER,
ATHUFRMES, HWRKEBNEEIAEER
—HIEE. BBA, Wi EfEbatch/aliE—
arangesK & VRREHARIITE

{FRIFRAVAE SN, XITAZEIRES, LAKRE
GEIRPIRES, MBI RIEN RS _ &R
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| mnmmsen: cUPRIBSSGHTIE

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

- CLIPHERTHESEN

2. Create dataset classifier from label text Hoome

guacamole (90.1%) Ranked 1out of 101 labels

plane

+ & photo of guacamole, a type of food

d a photo of Text
o9 a {object). Encoder 1 )

bird —

3. Use for zero-shot prediction
T, T TJ Ty YOUTUBE-BB

airplane, person (89.0%) Ranked 1outof 23
Image
N a— e r oy Pl et POl 7 ¢ I,T,
o Encoder : ! A - e v aphoto of a airplane
8

bird
@
a photo of . bea
adog.
a
giraffe

ERARDEESRERUBIRIERE, 21 "bird” . "plane” . EIRFAEIERLETXRIAAIHRE##ITH E: 5KFa photo of a

<LABEL>. {EJSH#EIEMERHISIAMIAN. <LABEL>BIAEEFTNIzZero-shotirn®, EARBIFET B A R embeddingFIATNIEN S

embedding= kR, EEIRETURGER. Mirs BALIEEFHAIA/ZL: A photo of a <LABEL>, a type of XXX AJLERH Fulli4se
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| mnmmesen: CLUPRIBESGETIE

CLIP: Connecting text and images with Contrastive Language-Image Pre-training
CLIPHERY NHESRI
* ffzero-shotsEHREEEFTINIZFIARAIOODHEA

Average on 7 natural distribution shift datasets (top-1, %)

100

95 -
90 -
85
80
75 -
70 A
65 -
60
55
50 -
45 -
40 1
35 -

= |deal robust model (y = x) Y 4
® Zero-Shot CLIP -7
@ Standard ImageNet training 2
® Exisiting robustness techniques ’,’

304 -

254

20

70 75 80 85 90 95 10

Average on class subsampled ImageNet (top-1, %)

F-----------
1 1
I ImageNet Zero-Shot
I ResNet101  CLIP A Score
ImageNet & R 762 762 0%
ImageNetV2 64.3 70.1 +5.8%
ImageNet-R 37.7 889 +51.2%
.v 3 | l. % h "
ObjectNet 50 & & N, e\ L & 326 723  +39.7%
ImageNet ( (0% 3 2 [
Sketch \ S i . _ 25.2 60.2  +35.0%
247 774 +74.4%

, ImageNet-A [14] i

_-----------I

fALLFESFitask-specifictREl
(ResNet10155)
CLIP 7E5300 DE HEIREE

LRI SRR (AR F
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| wrmmsea: cLPREss:

T

CLIP: Connecting text and images with Contrastive Language-Image Pre-training
+ CLIPHERTNIHESRI
« NACLIP#EH{Tfew-shotfLinear probeszs

75

70 1

65

w )]
9] o
1 !

Average Score (%)
19,1
o

Zero-Shot
e CLIP

/

/// ResNet50

Linear Probe CLIP

BiT-M (ImageNet-21K

01 4

8

2
# of labeled training examples per class

16

Figure 6. Zero-shot CLIP outperforms few-shot linear-prebes:-

90+

851

Average Score (%)

751

801

Linear probe average over Kornblith et al.'s 12 datasets

L/14@336px
L/14y |-k
RN50x64

/‘. )
R0 Ris2xd
ViT-H/14
RN50:;
'
BONS
B res50x1
R152x4
MoCo-v2*
10° 10 10

Forward-pass GFLOPs/image

851

Average Score (%)

70

Instagram-pretrained

~k— CLIP-ViT

—/#~ CLIP-ResNet +— SimCLRv2
—+— EfficientNet-NoisyStudent ~ —— BYOL
—¢— EfficientNet —+— MoCo

Linear probe average over all 27 datasets

®
[=]

~
w

L/14@336px

L/i14, .-
RN50x64

RN50x16

10° 10t 10
Forward-pass GFLOPs/image

—— ViT (ImageNet-21k)
—— BIiT-M
—— BIT-S

ResNet CSDN @G e
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| mnmmesen: CLUPRIBESGETIE

CLIP: Connecting text and images with Contrastive Language-Image Pre-training
+ CLIPHERTNIHESRI
« 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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| mnmmsen: cUPRIBSSGHTIE

MetaCLIP: Demystifying CLIP Data

 UEFACLIPHEIREREMRRERINEREE
o OpenAlIFRIBHIIGEFSUERIEEL, ASURE T CLIPARERBEIEEL, BUMr~E£=RENNIGEYE
- BIETTEE: (FAWordNetflWikipediaBIEFREMHES (visual concept)
- HIRTRIREL: BETTAERFA R EIITE IR, (£151.6BRIRIREUR R N RIFM400MATIIZEDE, FRELER
DR TS BFLEEUEAYERA (EbiOuntitled photo) , FFEIKEDFRIM IR S SRS

—> — — —>

Part1:
Sub-string Part?‘"
Matching Balancing

50% reduction 77% reduction
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| wrmmseea: cLPREs®

T

MetaCLIP: Demystifying CLIP Data

- JERACLIPRYEEGREREIRNEXEE

«  OpenAlFtRig{it)|

SREHIEE

izt

B, ANGRE T CLIPE

a7

E[22S

- BIETTEE: (FAWordNetflWikipediaBIEFREMHES (visual concept)

FRRIEIERE, BUI-EsRER)

R

- HIEHERL: SETHEFFERELEMNEHEYED . F151.6BRIRIREIEM N RIFM400MAT)IIZEHE, FRESLER
DRI EFNLZEUEAERE  (EKiluntitled photo) , FTEEKED IS YRR
_ - ) _ - g
.2 = 5 2 : P f 5 %3 5 2oz £ §oz oz 1og ¢
g = E = £ = z i g = = = z = e . e 7 & e g - - ] & g B
: |2 ¢ % 5 2 2 & % & &2 & & & ® B F B B 2 & € 28 2 2 £ g
ViT-B/32
CLIP, our eval. 56.6 | 63.4 837 898 651 537 620 597 196 440 872 874 669 482 466 97.1 449 610 326 287 172 625 639 480 236 564 586
OpenCLIP, our eval. 57.6 | 62.9 80.7 907 70.6 612 664 792 167 545 865 907 66.1 37.4 482 956 522 580 420 380 148 50.1 630 428 225 533 523
MetaCLIP 582 [ 655 806 913 702 634 630 707 268 528 887 919 685 415 359 954 526 642 358 307 17.2 555 66.1 454 30.6 564 53.4
ViT-B/16
CLIP, our eval. 596 | 683 888 908 682 556 640 64.6 240 451 889 891 694 518 530 982 S48 655 433 217 228 563 685 523 255 587 605
OpenCLIP, our eval. 60.4 | 67.0 858 917 714 653 692 836 174 51.0 892 908 66.5 663 461 97.0 522 657 435 237 18.1 517 670 462 339 545 544
MetaCLIP 61.1 | 708 868 90.1 665 708 666 741 279 559 904 938 723 478 446 972 554 688 438 334 226 529 680 495 228 548 606
ViT-L/14
CLIP, our eval. 657|755 930 956 783 633 668 77.8 313 553 036 933 793 764 569 994 619 709 506 192 319 501 757 602 223 597 689
OpenCLIP, our eval. 64.5 | 72.7 90.0 947 78.0 739 724 89.5 247 60.2 91.6 936 73.0 76.1 543 981 639 696 499 160 23.0 517 715 516 254 553 56.0
MetaCLIP 67.1 | 762 907 955 774 759 705 847 404 620 937 944 764 617 465 993 597 719 475 299 309 70.1 755 57.1 35.1 566 656
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| mnmmsen: cUPRIBSSGHTIE

EVA-CLIP-18B: Scaling CLIP to 18 Billion Parameters

- FHERNRRIEHEF IR 2R CLIP

o JBURRICLIPEREAIEEAVIT-L/14-336px, KAS500MIISEE, EHMAEERIBIF?

REHIE: 180{2881&8, 125N RSB AFFRCLIPIREY
WGHEARE . 1ZEBEME 7602/ ASEEEE AL,
MR 27N 2T NEG o EEENK YT T
80.7 %RIZ AT EMER.

MEEEIRFN: EVA-CLIP-18BRE/HIEBEIBFIANTSR, BKE
Bit—iREEMERE D, TEHENEERY B5H.

82.0

©
o
o

<
€
o

zero-shot accuracy (%)
~J ~J
R (o]
o (=)

~J
N
o

~
e
=

EVA-CLIP
DFN5SB-CLIP
OpenCLIP
InternVL-C

L0 9.3

2.5 5.0 8.0 14.018.0/

model parameters (log-scale)
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| wmne-mEeEse: BLUPES)
BLIP: Bootstrapping Language-Image Pretraining

Bootstrapping (improve your situation by your own efforts) — FESRUSIEIREREIE, IEARITAOSIR ISR ORISR

salesforcefE2022F R BRIZIRSHELR, REBMEMNF—, 5INTEBERSHROEMAELS, S rBRSEER,
EZ T IHES ESEESOTA, FAIGCHERERAFREE G EMPprompt, FRIpromptXIaz EFESIRIHEAER X5,
fHlanControlNetsfAyJAutomatic Promptii2BLIPAERKHY.

Image Description Generation Zero-shot Classification Text Localization Visual Question Answering

age or upload your own

Image Categories

Image Question

ooooooooooo
SSSSSS

eeeeeeee

Image Image GradCam

nnnnnnn

aaaaaaaaa

Prediction
Answer
o lephant 0.00% person playing with dog golden retriever
Description
touncin [ 57 E ¢ & ] = 03

the golden gate bridge is illuminated with bright lights in blue warica bey 28.06% &L’ % : =3

a — | =] 4&,
twilight sky |; 3%

o% 0% P 100%
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| wmne-mEeEse: BLUPES)

BLIP: Bootstrapping Language-lmage Pretraining

2+ m —{ IT™ LM
e N ™ g oD ™ 4 0 ™
e oDy ™
- | Feed Forward l Feed Forward | Feed Forward l
[ Feed Forward ] j .f:“\ ‘;:‘
X k- v
o T
[ - Nx ={ Cross Attention | =j| Cross Attention |
[ Self Attention ] - f f
¥ = = *
. A
Image | siseifar | [ Biserarn | | causal seifant |
Encoder : 1 3 .
= ) \ )\ )\ y
" . Text Image-grounded Image-grounded
‘ Eiﬂ Encoder “(CLS] + :]A.- Text encoder “[Encode] +[:~ Text decoder “[Decode] + [:,.
-;- = I, T
' ﬂ Ll
q sl \‘ “a little girl holding a kitten next to a blue fence” ]/'

« BLIPE|\ T4REEe- ALt & B S EHIMED ( Multimodal mixture of Encoder-Decoder)
- BERERIEHITZ(ESMEFIMNTIEFS. MEDBERMERIESHISE (Image Encoder, Text Encoder) , —{LAE
GRHEMAYmIEZES (image-grounded text encoder) F—/NABEGAEMBIMEADSSS (image-grounded text decoder)
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| wmne-mEeEse: BLUPES)

BLIP: Bootstrapping Language-Image Pretraining

1 m — ] ™ LM
- \ —® % ) ——® )
Y
S | Feed Forward l Feed Forward | Feed Forward l
F f 3
[ Feed i ] — v o
o T
[ - Nx ={ Cross Attention | =j| Cross Attention J
[ Self Attention ] - f f
¥ = = *
.
Image | siseifar | [ Biserarn | | causalseif-att |
Encoder 1 3 .
ng:m \ )\ AN y
Text Image-grounded Image-grounded
E Encoder “(CLS] + :]A.- Text encoder “[Encode] +:]~ Text decoder “[Decode] + [:,.

.T.
\‘ “a little girl holding a kitten next to a blue fence” ]/'

- WIZGER: BiE=MRK RIS HITIIE:

1. BE&-AXILEIRK ITC (Image-Text Contrastive Loss) : &TXIEIGImIDeaFIN Admibas, BITIERE
SRS ES), SRXITFEUGF NS AR B IE=SE.,
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| wmne-mEeEse: BLUPES)
BLIP: Bootstrapping Language-Image Pretraining

ot mc — ] m M
I ) ™\ g D ™ 4 - 3
¢ T ™
e | Feed Forward l Feed Forward | Feed Forward l
[ Feed Forward ] j‘ ;H ;‘x
r Y ks 7 T
i
M - M ={ Cross Attention | =j| Cross Attention J
| self Attention | - f f
¥ T - -
o J
Image | siseifar | [ Biserarn | | causalseif-att |
Encoder !ﬂ“ g 1 ; P 3 )
J y M M
" . Text Image-grounded Image-grounded

‘ E Encodar ey s) + " Textencoder «(ppeode)+[ ) '@ dec0der wpacade] + [ )"

F ' t
ﬂ “a little girl holding a kitten next to a blue fence”

- IEBE: BEEMRKEEEL SHT IS

2. BUR-AILESIRSE ITM (Image-Text Matching Loss) : &XSLABHE AEMBIN AIRIDEE, BIiIXIE
NILEHIT R, BIRENSIESERAEXME,
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| wmne-mEeEse: BLUPES)

BLIP: Bootstrapping Language-Image Pretraining

1 m — ] ™ LM
- \ —® % ) ——® )
Y
S | Feed Forward l Feed Forward | Feed Forward l
F f 3
[ Feed i ] — v o
o T
[ - Nx ={ Cross Attention | =j| Cross Attention J
[ Self Attention ] - f f
¥ = = *
.
Image | siseifar | [ Biserarn | | causalseif-att |
Encoder 1 3 .
ng:m \ )\ AN y
Text Image-grounded Image-grounded
E Encoder “(CLS] + :]A.- Text encoder “[Encode] +:]~ Text decoder “[Decode] + [:,.

.T.
\‘ “a little girl holding a kitten next to a blue fence” ]/'

- WIZGER: BiE=MRK RIS HITIIE:

i%.‘:.‘ﬂfih% LM (Language Modeling Loss ) : $PXILABHG BRI AGERDES, B3 Xk
uﬂMJc, 38975 =04 Bk Bl fixcaption,
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| wmne-mEeEse: BLUPES)
BLIP: Bootstrapping Language-lmage Pretraining

Model Pretraining Dataset Bootstrapping
: T e To model
i Filter Filtering :
= D = {1y, Ty)} + {(]p, T} (Image-grounded | ! . > (U T+ {4 T2} | > Todata
I Text Encoder) ﬁ
! . I, web images
i F‘re-traln@ @ w
! ITCRITM finetuneﬂ {(, T, )} I : human-annotated
I D = {(l, T} + (e, T} | | images
! Multimodal Mixture of {1y, Tn)} +{(In, Th)}
I Encoder-Decoder T web texts
1
'

T filtered web texts
T, : synthetic texts

LM finetune @ {lw}

r Captioner @ — T : filtered synthetic
! ' |:> text
: ) 1T exts
: Downstream Tasks ! (image-grounded _— (. T2} T, : human-annotated
i | Text Decoder) Captioning et
I |

« JIEETGi%: BootstrappingBIF T IREN EIFAYIIEIE D

pZ%_ESRBRES BRI S NERESBRINER, ATEIRIRXTSHIEEE, BLIPIRE captionEpFITIER
ERCapFilt (Captioning and Filtering) , BEEMNIRFESXIFEY, AFERMDIEEMERES, BERENMCREE,
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| wmne-mEeEse: BLUPES)
BLIP: Bootstrapping Language-lmage Pretraining

Model Pretraining Dataset Bootstrapping

i
: Filter Filtering !
[
" D = {1y, Ty)} + {(]p, T} (Image-grounded | — > [l T2} + {(1, T2} | I::} To data
I Text Encoder) ﬁ :
! . 1 1, web images
i F‘re-traln@ @ W
: ITCRITM finetuneﬂ {(, T, )} : I : human-annotated
| D = {(le, T} + {(hy, T} ||  images
: Multimodal Mixture of {(In, T} +{(Iy, T:)} [
I Encoder-Decoder : T web texts
: LM finetune @ {1} ! T, filtered web texts
[ _i_ _________ : 1 T synthetic texts
________________ a I 7. ;

r I . T : filtered synthetic

Captioner @ [
" I text

: ) |:> I..T I exts

: Downstream Tasks ! : (image-grounded _— (. T2} "' T, : human-annotated
! I Text Decoder) Captioning p h
I L : texts

« JI&¥5iE: BootstrappinghIT3 NI xR ASREN BEFADIIGHE S

CapFiltEB & PMELR: —/ 1 Rcaptioner, f5/IEEGRERcaption, B—EFilter, 1T IERIG ML AFIE B A FHYIE
caption, IX—IIFE+2E{UAFGPTH 5| AAIReward model, BIL45F RIGARHRHIREAYERE
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AIE‘““M?‘%B&"E

itute of Artificial Intellige

Intro to Vision Large-Language Models

( VLLMs )
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| viLMs f0 VP mRRIS %8

X

Al

* VLP: F3FTMUBEEEMRiMESEERMIIGERE, MEKTIA ZNATZMHT

T ESS 8918 AR AR 7R

* VLLMs: B ZHMIEREAIESHRMESRINKRERE, RNRTIIZKEE.

VLLMsT IR Z T AREESRITSMAN, ol EETVIPRARA —TZRIEE,

XKHX:

* VLLM g BFEVLPIEARANz—, ERAME, VLPESLIMVLLMsH—FR REZA

BERAMNER (FEAEMBVIERR / B0 RR)

© BEEMRARAMZANEE, VLPI A AEVLLMSZ RN — 10 IR,

VLLMsIUACSR 7 AR E S HEAGUERN ET ZARAN AR AR [E,
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| EmQ-formenEiEmISHmIBEFLLMS: 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‘Former E 3
g " Write a romantic message
¥ 7 that goes along this photo.
Love is like a sunset, it’s
[E0-30) 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 | | |
X Large Language Models (LLMs)

8 Encoder

Salesforcef£2023 542 BLIP-2, (&I HATUIIZRaY N TR BLAIE SRE IR SRSERM P | 2R
T ZRRIM AR BER IR LS R ERIN R, TSR A0E SHREL VIR TR KANES ERkEE
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{EHQ-formen&EiEE(Gmi3s=FILLMs: BLIP-2

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

T, ST TTTeT T E I 55 ! # pretrained image encoder
i Vision-and-Language ! Vision-to-Language |

B A . R self.vision_model = Blip2VisionModel(config.vision_config)
Representation Learning Generative Learning ' B —

*"P | self.query_tokens = nn.Parameter(torch.zeros(l, config.num_query tokens, config.qformer_config.hidden_size))
r | ! g g q

! | | self.gformer = Blip2QFormerModel(config.qformer_config)

| |

i Image IR Q-Former . - !

i Encoder Querying Transformer Write a romantic I'Tjessage 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:

| ]

| . BB Text Love is like a sunset, it's | language_model = AutoModelForCausallLM.from_config(config.text_config)

I o . . I

: hard to see it coming but : else:

! Queries when it does it's so beautiful. |

language_model = AutoModelForSeq2SeqlLM.from_config(config.text_config)
! - -

! Bootstrapping Pre-trained
| Image Models

Bootstrapping Pre-trained # pretrained large language model
Large Language Models (LLMS) | self.language_model = language_model

fEBY 204 . BLIP-2 HHFRIIZRAYImage Encoder, FlilIE&kHLarge Language Model, F1—/NEIZESIAY Q-Former ZHpE

* Image Encoder: REMBAER PRI, GG T FRFRRBLEN, CLIP 1IIZRAS

 Large Language Model: TAENAGERL, AIH8 T decoder-based LLM and encoder-decoder-based LLM

* Q-Former: RRIFESMHFIESHIMESRIZIE, Himage Transformerf[IText TransformerfFI N FIRIR1ARL, BiIHXZ=HEER
EENE.

A
I ZRHS
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{EHQ-formen&EiEE(Gmi3s=FILLMs: BLIP-2

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

T, ST TTTeT T E I 55 ! # pretrained image encoder
i Vision-and-Language & Vision-to-Language |

B A . R self.vision_model = Blip2VisionModel(config.vision_config)
Representation Learning Generative Learning ' B —

1
[
[
I
1
;{; i ‘ . E self.query tokens = nn.Parameter(torch.zeros(1l, config.num_query tokens, config.gformer_config.hidden_size))
! e : | | self.gformer = Blip2QFormerModel(config.qformer_config)
1 " !
| E 3 i
Image Q-Former ' . .
]
8 Encoder - Querying Transformer| | Write a romantic message | 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:
] ]
! TH T Text Love is like a sunset, it's | language_model = AutoModelForCausallM.from_config(config.text_config)
| . . . I
: hard to see it coming but : else:
! Queries when it does it's so beautiful. |

language_model = AutoModelForSeq2SeqlLM.from_config(config.text_config)
! - -

! Bootstrapping Pre-trained
| Image Models

Bootstrapping Pre-trained # pretrained large language model
Large Language Models (LLMS) | self.language_model = language_model

fEBYEEHY .  BLIP-2 FHTTIIIERETImage Encoder, FRill&RAILarge Language Model, F1—MRIZESIAY Q-Former ZHEY

« Q-Former: SRS RIIES HFMIESHIEIE, Himage TransformerfText Transformerfi N FIEERFE Y,

* Image TransformeriBld SEGJRiSes i TRX BRI, BRBMAZIZEIN Query, XEqueryiBd HITENEME
BERE, ABEEIRXITENESFENEBGHIIRE, AallBEIHZ=NEEENE '5§ZZK1_175¢

 Text Transformer{E AN ANRIE2EFNfEIEEE, BRIBEEE1ESImage Transformeri =, 1RIEFW)I|Z
BhEERiEH QueryFI AR B AT,

, NFARERIEE
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| B formerizizmIg4HmIBEHLLMS: BLIP-2

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

-F
LARSIIES Image-Text Image-Grounded
Matching Image-Text Text Generation

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

: Q T Q T T
Input Image Contrastive |« %
o) e gmmmm) o00F] oCOEE o
for every } - DD DD DD .. ’:“] ..
ther block

é,:l%%ir = Attention Masking D D D D l:”:‘ D- .. DD

s t -~ b!directional — D D D D D D D D . . |:| D

x N :__XTHtum?nqgldz?'j‘s_a,L__": x N Bi-directional Multi-modal Causal Uni-modal
1 \ 1 Self-Attention Mask ~ Self-Attention Mask Self-Attention Mask

Learned . Image-Text Image-Grounded Image-Text
Queries (H -0 0 LT e [a EELLICEIIL) Sungiasses] { Matching ‘ Text Generation Contrastive Learning

5B : ﬁBﬁEﬁi]llﬁQ—former—ﬁ,'TtaLEBﬁEﬁ*ﬂEER"a"‘LHBﬁﬁﬁ

¥ Q-Former 1EZRHRESRY Image Encoder, 1)I|Z

HEAE A= 1Fu)l| 2
AEBGEEDEIDEREE, Mmmizslimage TransformerfdText TransformerE]’SB‘EELTj_:T:ﬁo

« H*xR1: ITC(Image-Text Contrastive Learning) X35 EBUGER ANFOSLANERA
« H¥xR2: ITG(Image-grounded Text Generation) Z5EMNBIEIEASHRIERT,
- H#R3: ITM(Image-Text Matching) TN E{%- XA IS ZIELEOA ETRILEL, FIEBGIINATRZ BRMRAIEITTT

EQueryFTextZ Bl BIKFH

\7|<
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| B formerizizmIg4HmIBEHLLMS: BLIP-2

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

e HE-0E Output Text [ a cat wearing sunglasses ]
Bootstrapping from a \é ;~.~_...i_.
Decoder-based S . . Fully
Large Language Model : Encoder [ GHFommer ] {Connected LN Decosiern
(e.g. OPT) i
,, D0-0@ Mg
Input Image Learned Queries
% EE-0E Suffix Text | wearing sunglasses |
Bootstrapping from an -
Encoder-Decoder-based %" . Image Fully 3 E
Large Language Model i SN — | Q-Former Corhcctad % LLM Encoder # LLM Decoder
(e.g. FlanT5) #
) DO0-00 \»[D O-00)(acat)
Input Image Learned Queries Prefix Text

&B: FAMERIIGQ-former—F TR FIMERFIER 3 SIMER

« & Q-FormerEZEIRERI LM, LIFIA UM BNIES4EREEN. FRSEEEEmEHEIQueryBRANEMEREEIS LM BISIAERA
HERIRERE, REBEEZMQueryBRNIRINEIMA S SR\ BIE

* BT Q-Former EEHFI%, JLARNEESIESERNUTFRR, BREILIEMtRLEEMRM, S8 ANERRMS
LLM, BEEHBRAERRMEEE, HiET WM Z2IMRIESIISTRIRA,
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| EmEEEEmsERALLMS: MiniGPTAZS)
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 I
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- i

I themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to j
the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand’s message. ]

. »
Vicuna

S wm w— —  wew et e e e

| ### Human:

whisiibraloeill Linear Layer

Q-Former

&
e Vit

- FOBLIP-2AYBIESL, MiniGPTAA SIS IESIRBINEREEN —CEF B XIESIEENMIN. ELthEX H%
“FIFF RIRBESSK G — MR EET)|4 REIGEEE I, J_ﬂzmé’uauvuMSEl’E%i s

- EERHE: BEREERBER SR ALULMEEEIER token, FTHMALMBEI—T (FHITRIEIE
SHEEIF)IE) |, XBEBUGPT-4VATAI BERFRYEI
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| (E R EHEHERIREFILLMSs : MiniGPT4%51
MiniGPT-4: Enhancing Vision-language Understanding with Advanced Large Language Models

{ The logo design is simple and minimalistic, with a pink line drawing of a flamingo I
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- i

| themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to :
the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand's message. i

3 -~
Vicuna

S W — — — wew et e e e

| #an Humnn:,

Q-Former

&
e ViT

* image encodeXFIHIZTNIIIZREY VitFOQFormer

o LLMEHRBRIZVicunna
- XX EXRANEEBRNGEE
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| (E R EHEHERIREFILLMSs : MiniGPT4%51
MiniGPT-4: Enhancing Vision-language Understanding with Advanced Large Language Models

{ The logo design is simple and minimalistic, with a pink line drawing of a flamingo I
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- i

| themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to :
the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand’s message. ]

. »
Vicuna

S wm w— —  wew et e e e

I ### Human: Lineal' Laver

Q-Former

&
e ViT

- WIgRB: ARG (SEESXZ BSHERIIZGREEE)
-« BMER: (ERANIRESGIEE, UIIRFEISEL, Fimage encoderfREXAYE F4HIERL 3R R LLMBEIS IR AFAYAZ T
- BT BOREUESEMA, MHUERERNARRE
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| Emisms

EINESEFILLMSs : MiniGPT4%5%))

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

WA FWEIE SESIR: BURATH BB A AEAES
1. Conceptual CaptionZHEEEREH k75000 . Fstage IRMREYRA AiFHAVE R fEid. FrFRYpormptdl T :

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

797 B BicaptionZ3FFAAE R IRAVIB T, (FEXERNE — M EISXI#HTT T ALcheck, LALRIE
S$IRERIRE. Bit/RIR1E T RIT3500MEI S,

BEAEEETERE Timage captionfIZdE. F1)|4EH CHSIESEENAR, FTLURESE
fFiE B 2hVinstructionFUEER.

[f5140: open sett&im]

prompt: ###Human: <Img> <ImageFeature> </Img> . i5IREIEREESAIEER, 1RE]
t&zUAjsondaitt, #&hRYA0: {person: [xmin, ymin, xmax, ymax]} EFM44RE 73— UbEE
###Assistant:

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

(740 F=EEEHME]

prompt: ###Human: <Img> <ImageFeature> </Img> . iSHEFER RIS 37TA
###Assistant:

label: [(432&1, 422, value), ($531, 432, value), ..] BERHFEIRESNH—EE
Fsequence-to-sequencefJZ8Hd, XEFFBEEASIIEE—IE]%Z., BITR—FR—ZEeHE
5=,
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| wsgssmn: LLavazs)

Visual Instruction Tuning

¥ X7 A
1.1.av/7x
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

Haotian Liu'  Chunyuan Li2 Yuhu]u L|5 Yong Jae Lee'
'University of Wisconsin-Madison  “Microsoft Research, Redmond
https://llava-vl.github.io

[LLAVA-PLUS: LEARNING TO USE TOOLS FOR
CREATING MULTIMODAL AGENTS

LLaVA-PLUS

Shilong Liu**, Hao Chengf"’, 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 AI, BNRist, Tsinghua University
*Microsoft Research, Redmond
University of Wisconsin-Madison “HKUST * IDEA Research

*Work performed during an internship at Microsoft p Project Lead

LLaVA(Large Language and Vision Assistant), BJAEUE
SHRTEIF, xE—/\l”‘z‘Ulr”FﬁiJIZﬁﬁgkﬁggﬁﬁﬁﬂ,
R e miD e IKIE SR B ERE R IIE AR R
MIESER. SREXF N AR RIVLLMS
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| wsgssmn: LLavazs)

LLaVa: Visual Instruction Tuning

LLaVaHY=E= ZE2 a7k

SIRSIESIRREEIRESE: (A ChatGPT/GPT-4 BER AR HE L ANES BEEUREN, £ =F3ERYE SIRME
HAE: XNE. R, SEE. SHIET 158k MESERIESIRMEUESEAR, HPXHERAR 58K, FEMmAFER
23K, BZHEERER 77K,

& cLIP B TSRS EE SLLaMAE S ARIDE IERE R, HEAEMAINMEIESIE TIRMEAURESE L e I TinEinAYRIE.

FRIR: RAREREMNSIESIESEIE. BTFEIRERMFIEEIZRIIEE. RENEX IR IALHIR demo,

Language Response X, . . .

Language Model f¢

OO Aaa

Projection W
rojection 7 H, *Hq

v

Visi ,
ision Encoder X, image Xgq Language Instruction
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l A summary

- BfELlavaEN, BRIERAIVILMSKZ BT EEIESHABSIESIREL (Instruction-following LMM) , FEZRHIRIE
AT RN ENFIGREETME. BTERAPESHERMATIGSXESER (L), LIKATRHER
TSt HSE SRENFTHNMRIESERESEES. )| EEIE BB ERNRVGA:

- MRESHWFIINEGMER: FABEGXATBRTAFIESESRERATARAZEITT.
- URESHABME: REARESHAREE, (ERAREBEERAFINAEESENR,

Discovering unusual content [ Describe the image.

The image shows a cactus plant standing in the middle of a frozen
lake. The cactus is surrounded by large ice crystals that have
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? } “5‘ ‘:.

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

2Peking University 2Carnegie Mellon University *Tsinghua University
https://embodied-generalist.github.io

(ICLR2024)
4 AN3D B & Agents

122



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 Q To right of toilet Q Closed %
is in the center of the room. ] '
\ ¥ & A ;.

(£55: SERSE3DEHFRREAN, #HE, MY, 1THAIEMbodied Agents

tHRTAE:

BRHIEmbodied AgentsiEZe (EFLLMFIVLIMBHTHES K. INERF], FHXSTFTFERTaHES) RIS TEXRHD, Bfth
1E9EEHERRPRTF2DMEA, PR THEAESDESLASE TR, EIASHRRAIZOEEE: fEitEmbodied Agents2
ERERE3 DI H R &5 HE3DIH R ERYEES?

Hiik: SIERIEUESE / R—AUREUELR / &SRR BIR
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«  Overview: ¥t BEI&. 3D

Scene Captioning -

LEO: In this

¢ room, thereisa
wooden floor
that is clean
and flat, A tall
wardrobe ...

3D Question
Answering

Question: Where is the Printe

LEO: Slandmg on the desk
next to the wardrobe.

3D Dlalogue

Hun | need help ¢ 1z
e my bedroom, Can vou nssi

LEO: Of course! What speci-
Sically do you need help with?
Hun Can you check i the

¢ are any clean ¢lothes hangl
1 on the wall?

LEO: I'm sorry, but the clot-
hes hanging on the wall are
mess)y.

Hurmu Il ks! Also, ¢l

1 check 1f ther ¢uny ¢l

clothes hanging o ¢ wall

An Embodied Generalist Agent in 3D World

Method detail [ =t oy e PoF ol A=

5. XHMERWA, BEM3DESEENBRAFIHITFES

Embodied Generalist Agent in 3D World

n 3D Scene

System gocentnc
Message
You are an assi-
stant situated

in a 3D scene,

maae

User: Please desc-
ribe the toy house

Instruction

over .,
Tokenizer 0 2D Encoder B 3D Encoder Tokenizer
Nz 2 v N2
Large Language Model
Text Response E Action Response
Thereisasofa ! It'sakitchen for | P=[0.1-020] } .. .. . <
nexttothe TV. ! cooking. : R=[0,001] sl De-tokenize
3D Object Captioning . Embodied Reasoning

LEO: A 3D model of a Southern White Rhino,
one of largest animal species in the world,

LEO: It's a 3D model of a midnight
green cevamic coffee cup with a plate.

D

wmoie i fro

LEO: No.

Robotic
Manipulation

Human: pack

the yoshi fig -
e in th
LEO:

P

=[0.1,-0.2,0)
=(0,0,0,1)

Embodied
Navigation

Human: Find the pillow

LEO:
1. Move jnrward
2, Turn right

3. Move ﬁmwml
.

Task Planning [
Human; Organize and tidy up
LEO:

1. Clean the floor by

sweeping to remove ...
2. Make the bed ...
3. Fold and organize ...
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{E:ﬁé?ﬁ%ié% An Embodied Generalist Agent in 3D World

Method detail

Model: LEORUZTRUWARMANLGE, 1. SEBELEERAPLAIDIERS. £R/3DIERE. LARXFES, HREBX
Fah RS IHE SR 548 2. MiZFI BFH/IZ4LLMEA%IE
B, BARHESHIEIEE L AtokensRSl, {ERALLMEITE, FRAXMGPTRIBLIEER

“res rtrrrres
" - "

You are... Sg)), ...,Ség) sgg, ...,Sgg) USER:... ASSISTANT: s (1)
N N —'_

vete aAQQAOE . . T ) . .
system message 2D image tokens  object-centric Instruction response
(optional) 3D tokens

Embodied Generalist Agent in 3D World
System [fa] Egocentric ':] 3D Scene [E53) Instruction

Message Image
You are an assi-
stant situated
in a 3D scene.

User: Please desc-
ribe the toy house
over ...

A A
Tokenizer ' '2D Encoder 3D Encoder Tokenizer
v 2 v v
LoRA ‘&
Large Language Model
' Vv
Text Response ! Action Response
Thereisasofa ! It'sakitchen for | P=[0.1,-020] ! i .=
nextto the TV, | cooking. i R=[0,0,01] ! FUE R De-tokenize 125




An Embodied Generalist Agent in 3D World

Method detail

Tokenization (4&f3) : (2D VLM#13D VLM4REZE509%4E, (#EHSentencePiece tokenizen# {344
8. WFembodied action 1I§$, 1SEEIESEMLFFIRGIZISentencePiece tokenizerdAg/ Vi {ERAItokens,
FrERIEIE#tokenizationfg, EEANFHRIFERN

You are... .:;g)), ...,Ségﬂlfgg, ...,Sgg) USER:... ASSISTANT: s (1)

Cres * ttrres C
" - "

. 5 5 1 i v v 1 3 -
system message 2D image tokens  object-centric instruction response
(optional) 3D tokens

Embodied Generalist Agent in 3D World

e System Egocentric i
b 3] bl 2N iy .] 3D Scene [E53) Instruction
You are an assi- User: Please desc-
stant situated ﬁ « ribe the toy house
in a 3D scene. over ...

N N
Tokenizer 2D Encoder 3D Encoder Tokenizer
¥ <+ N ¥
LoRA &
Large Language Model
N2

Text Response Action Response

|
|
|
Thereisasofa ! It'sakitchen for | P=[01,-020 | inim right” €
next to the TV, ! cooking. i R=[0,0,01] ! De-tokenize
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An Embodied Generalist Agent in 3D World

Method detail

* Training: {#EMVicuna-7B{EAFRIZAILLMALBtoken55l, EELORAMGIGIE ((UEBLETMIMITFEISE, HEINFLSRILLM)

- LoRA: {E#kiERI(low-rank adaptation), (Aghajanyan et. al. ) FUlGAIRELBERABIRNNIRELEE, BFE—MUEEERNSE,
RTHE2SH=RPRHBERIIERNNER. XtLEXIRE RS few-shotiEDHIEEZ—

- I BiR: BISESEE, EEDS, RS (EIFXEFESHmL) Atoken

Embodied Generalist Agent in 3D World IB| T A T, (B s
T (0,t) (0, <t) (0 (O, L
System E Egocentric m 3D Scene @ Instruction £(97 B) - Z Z log Po ('Sres I‘Sres ) 'Sprcﬁx ety 'Sprcﬁx )’

Message Image b=1 t=1
You are an assi-
stant situated

User: Please desc-

ribe the toy house

in a 3D scene. over ...
A N
Tokenizer ' 2D Encoder 3D Encoder Tokenizer
N2 v N v
LoRA &
Large Language Model
' Vv
Text Response ! Action Response
Thereisasofa | IUsakitchenfor |  P=[0.1-02.0] } . . . €
nextto the TV, ! cooking. : R=[0,001] k De-tokenize
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An Embodied Generalist Agent in 3D World

Method detail

- Datasets: {SRLLMENEREEE, SEIESME (LEO-alignfLEO-instruct) , SBIEFLEORIFMERIG:, BP3DRH-E=%d

F¥#13 Dt RYESESAYInstruction Tuning
- SHENEURERRYISEE, BNERTRIDIASMNIERE, BAEEREARGER, BELTICEKR, htiSiEcaption/XiE/QA/MYEARRR,

EEHIT AT MUEESSHRA SRR E

(" Scene-Graph-based Prompting Y4 Refinement Procedures b
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) i
2. Demonstrations 2. Negative Responses i i
Scene Graph Context: 4) QA (O-CoT) Question: Where is the football table? %hRemow'ng SN Resfﬁc;nses
7 SRS S S 5) Planning Thought: football table-17 S IegEivo e nonses Wl oo
{'sofa-1": {"attributes": {'color": 'red'}, 'relations": ['to ¥ R removed.
the right of chair-2', 'in front of table-37}, ‘chair-2": Potential Issues: swer: unknown
{'attributes': {'color": 'brown’}, 'relations': [1}} 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
i counter-10 are parts of the kitchen. and a counter.
3. Query (a new scene) 3) Responses with IDs =
s Graph C 4) Others 4. Others 4. Others
K cene Graph Context / \Unnecessary contents (Thought, etc.) Remove unnecessary contents. )

6ialogue (O-CoT): \ (Scene Caption: \
Dia C\,w»d high level task: organ room. low level tas check In this room, there is a wooden floor that is
some 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
Quncﬁonal furniture.

Assistant: Of course! What specifically do you need help with?
Human Can you check if there are any clean clothes hanging on the wall?

Human: Thanks for your help! T no
stnstant You're welcome! If you need any funher assmtance feel free to ay

VAN

QA (O-CoT): Planning:
Question: Where is the printer located? Thought: printer-8 High-Level Task: Organize and tidy up the bedroom.
Answer: standing on the desk Low-Level Actions:
Question: How many blankets are on the bed? Thought 1. Clean the floor by sweeping to remove any dirt.
blanket-16, blanket-17 Answer: 2 2. Make the bed by arranging the blanket and pillows.
Question: Whal |s the type of the room? T ob 3. Place any loose items or belongings into the basket.

15 Answer: bedroom 4. Arrange items on the shelves and showcase in a tidy way.) 1 28

(C)bject Scene Caption:
The showcase is supported by
the wall and positioned behind,
close to, and to the left of the
shelf. The wall is flat, architectural,
and dark in color. The shelf is
\made of wood and has a low size.

2, desk-7, chair bea




LRM: Large Reconstruction Model For Single Image to 3D

4 N(F B
- | = = A=
{EDIEFMES IR, NB[BAKRE. DIFIRERESESS0TA
o Dobcabo ohiact O  Where is the bathtub O s the door closed or open
[ it ) located in the bathroom? ) tomyleft side?
There is a rectangular brown table. It &', To right of toilet e Closed i
Table 2: Quantitative comparison with state-of-the-art models on 3D VL understanding and embodied (s in the center of the room. ® )L )L &
reasoning tasks. “C” stands for “CIDEr”, “B-4" for “BLEU-4", “M” for “METEOR", “R” for “ROUGE”, “Sim” e N(F S
for sentence similarity, and “EM @17 for top-1 exact match. The n-gram metrics for Scan2Cap are governed by 3 ! ro—
IoU@0.5. T 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@I1
Task-specific models
Scan2Cap (GPT-3) (Chen et al., 2021) 352 224 214 435 - - - - - - 41.0f o [o) . .
3DICG (Cai et al., 2022) 477 315 243 518 - - - - - - - (o "'m redecorating my bedroom and | need some advice. Can you help me? O [histiciuanizs sodisqiove dit
Vote2Cap-DETR (Chen etal.. 2023)  61.8 345 262 544 - - - - - - . . ) from the iving room.
ScanRefer+MCAN (Chen et al., 2020) - - - - - 554 79 11.5 300 18.6 - Of course! I'd be happy to help. What do you need advice on? f . : e;
ClipBERT (Lei et al., 2021) - - - - - . - . - . 433 o ' 1. Wipe down the door, including  gg”
ScanQA (Azuma et al., 2022) - - - - - 649 1001 131 333 211 472 o ! ant to add some color to the room. Are there any colorful objects in the room? e e s
2. Vacuum or sweep the floor to
Task-specific fine-tuned g z 5 P = remove any dust, dirt, or debris.
3D-VisTA (Zhu et al., 2023¢) 669 340 271 543 538 696 104 139 357 224 485 e ik e W e e b b | B || | 3Dt s clan e cabii,
3D-LLM (FlanT5) (Hong et al., 2023) - - - - - 694 120 145 357 205 - o i i Tc:\u:;ng atg sh_iives or c:;awer&
3 ~ = 3 € the piliows on the
LEO 684 369 277 578 547 800 115 162 393 36.6 53.7 o That sounds great! What other decorations or furniture are in the room? it gauy ar?d fluff them up.
2 = 3 = | 5. Dust and clean the ceiling using
. . . . . There is a wardrobe to the right of a stuffed animal. It is in front of a doorframe. -2 o)
Table 3: Results on CLIPort robot manipulation. We compare Table 4: Results on object navigation. We Additionally, there are shelve attached to the wall, with various item displayed on them. g_ :;:;‘gp:::‘:ﬁde:;:;":o‘;
with results from Shridhar et al. (2021). seen indicates in-domain compare LEO with similar imitation learn- (o) " = - 6. Check and adjust the
tasks. unseen marks OOD tasks with novel colors or objects. ing agents in Habitat-web (H.w.) (Ramrakhya ) iy i e hivretiont Teely Ioh e Sy FicRo g D temperature or settings of the
22 - a- R radiator if necessary.
packing-google put-blocks-in .el al., 2022) and CortexBench (VC-1) (Ma You're welcome! I'm glad | could assist you. If you have any questions, feel free to ask. g i
separating-piles bi "t bowl jumdar et al., 2023). S: success rate; L: SPL. . DY P
“objectsseq “bowls T LEO is not trained on HM3D scenes. o (o B
Seen UNSeen Seen UNseen Seen unseen — Fackithe black shos witlvgroen sitipes in the browarbox: () Please navigate to the toilet in the scene.

MP3D-val HM3D-val

Transporter 484 523 463 373 647 187

CLIP-only 902 710 958 578 977 445 S(t) L) () L) ﬂ ﬂ
RN50-BERT 465 449 940 561 918 238 H.w. (shortest) 4.4 22 - -

CLIPort (single) 98.0 752 962 719 100 250 H.w. (70k demo) 354 102 - - n n
CLIPort (multi) 89.0 628 844 703 100 458 VC-1(ViT-B) - - 571 314

t T ]
LEO 988 752 766 798 862 352 LEO 23.1 15.2 23.1" 19.1 (1029, 0.07, 0.06], [0., 0., 0., 1.0]), ({0.53, -0.18, 0.01], [0., 0., 0.38, 0.92]). g
N J
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IEFIRELHARY | ALERH AR ZIREXEENEXZHET

BiE Il H-ANG U:NilV:E RS [T Y Institute of Artificial Intelligence

| sEsxERnSEts: RRRESRESHIEAS
BEFENFIEEZIFISAICLIP £zero-shot > ZEHREENS EIRFNIISZS A RO ODEES

ImageNet Zero-Shot

100 I ResNet101  CLIP A Score

== |deal robust model (y = x) o~
959 @ Zero-Shot CLIP -7 =
@ Standard ImageNet training -7 i " Siam e LN 94 9
01 4 Exisiting robustness techniques e g ImageNet - : ! e Xy "3 162 16:2 0%

ImageNetV2 64.3 701 +5.8% #Eth?{#?ﬁtask—speciﬁcﬁﬁ!
(ResNet101%)
ImageNet-R 37.7 889 +51.2%
CLIP fEE3$00 DE HENIREEE

ObjeCtNet :_;_:_"-,. - d 326 72.3 +39.7% Lmﬁiﬂaﬁ%ﬁ&'tﬁﬂg;&ﬁ
- ( £ ¢
ImageNet i
Sketch L 25.2 60.2 +35.0%

Average on 7 natural distribution shift datasets (top-1, %)

20

T - T T r T 27 771 +74.4%
65 70 75 80 85 90 95 10
Average on class subsampled ImageNet (top-1, %)

» ImageNet-A “‘1’; [

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

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.

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?
a man is sitting on the back of a yellow cab

User
OpenFlamingo

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

Haotian Liu et.al., Visual Instruction Tuning.

ZIRSAXEENEXZHED

B IR AZIGIE
HFIESHANMEIES KR8 LLaVa 8808 EiRIEREIGHRAIunusual IS HIIHR

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

ICHIRAN Ramen [source]

Filled fridge [source]

Annotation

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.

Question 1

What'’s the name of the restaurant?

What is the brand of the blueberry-flavored yogurt?

Question 2

Describe this photo in detail.

Is there strawberry-flavored yogurt in the fridge?
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* Vison question answering « Zero-shot classification
'-----------l
Natural Viewpoint Input Adversarial Viewpoint Input Models | _sion |#Toatal ImageN;!t IM3D | ImageNet-V+
£ e 1 Encoder | Params 1
Xamplie . )
P H i “What is the object in this image?" i “ J 52-880/0 26.220/0
; x ‘ ALFBEF [36] | VITB/16 | 210M | 66.06% | "% oo | "0 gron
¢ 1 “The object in this image is - . o - o
E “What is the object in this image?” é "‘ H @ uwmmJl:ermouse." 8 | | 53.360/0 2-510/0
I o : I “This is an image of an object E ResNet-50 102M 65120/' ('lf 11 760/0) (‘L 62 61%))
@ “The object in this image is E E in aln unmtur‘:.l perspeclive, i a ! y -
a computer keyboard.” | i can you identify what it is?” i ViT-B / 16 150M 76 94O/l 66.60% 37.99%
; E—— X CLIP T2 I | (1034%) | (| 38.95%)
: @- | The object in the image is a toothbrush. I ] 58 590/0 29 240/0
ViT-B/32 | 151M 72.74",' ) )
Example 2 i “What is the object in this image?” : i‘ 76.16% 48.49%

1
ViT-L/14 | 428M | 81.96%
@ “The object in this image is a decorative,
hand-painted ceramic piece, which could
be a container or a vase."

(15.80%) | (| 33.47%)
70.73% 40.08%
(+0.71%) | (| 29.94%)
76.38% 50.05%

; s imaze | B
i What is the object in this image? i‘

L]
BLIP [35] | ViT-B/16 | 224M | 70.0294
i “This is an image of an object i I

i in an unnatural perspective, | a
1
1
|

{ canyou identify what it is?"
!

st

@ “The object in this image is VlT-L / 14 449M 73860%

1
1
1
1
1
1
1
1
1
1
(4 14.15%) | (] 43.50%) 1
1
1
1
1
1
1
1
1
1
1

s P - (1252%) | (] 23.81%)
The object in the image is a small teapot or container, Bl i 0, 0,
@ | VILG/14 | 128 | 77409 | BT P

used to}'caprme the irfage. # = (T 6.36 /0) (J' 19.48 A))

h-----------

+ Showei Ruan et.al., Improving viewpoint robustness for visual recognition via adversarial training. ¥ IM3DAZHFHENREE, ImageNet-V+ 28R ANEEEIESE
133



) st FmT AR | ALBEHRR FEMS: REHM3DAMBTMHEER

A N W iNE sl VB R S T TR Y Institute of Artificial Intelligence

| #1may2D-00DIA 3DM AT T M HiE SISEEEEE
$XICLIP FAiI7EE ARY2D-OODE &1 OODE HHITIHEEAILLER :

A i B CLIP (ViT-L/14) @OVT-CLIP (ViT-L/14)
]
(@) : | ------------ -y
Q i Top-1  Clean Benchmarks 2D-0O0D Benchmarks | Viewpoint-OOD Benchmarks :
= i Acc I
) ! 2.8
2 i 80.0 11.8 f | :
5 I I I
= i 114 1
g i 10.1 1 1240
r70.0 | |
3 E 12.4 1 :
& L 60.0 I 19.4 I
] H I
2 = ] A
P 500 : 204 |
I I I
o i I
z I 40.0 I
=) H 1 |
£ : : I
]
S 1300 I
i IN-1K CIFAR-100 IN-V2 IN-R IN-Ske. I IN-V+ OOD-Pose MIRO :

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

SR

Tennis Ball: 97.81% Wallet: 90.24% Hatchet: 81.23% Scale: 93.82% Mortarboard: 91.97% Rocking Chair: 58.98% Spatula: 40.98% - - y
> ﬂ
A a .%.
Tennis Ball: 73.09% Wallet: 93.13% Hatchet: 31.01% Scale: 45.23% Mortarboard: 86.48% Folding Chair: 36.51%  Street Sign: 11.74%

&

—
- EFRERAHTRE
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SRERSRSERERIZRER
RESESYINBANRS, (BLA CLIP & ALIGN & BLIP HiEBAKRMEILLE I B GIRER

1K > MEEF IR BR > Elg/X4 Wifimiss5ets > BERESCT (ERldES

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

plane

Text .| A photo of Text

car q
Encoder cod 7l a (obiect). Encoder

T, | T» | Ts - | Ty

bird

v

Il I]'Tl II‘TZ I]'T3 I]‘TN

(3) Use for zero-shot prediction v i} | !
> I LT | T, | ITs v | ILTy > T2 . "
Y 13 I3'Tl 13<T2 13-'1'3 I3ATN |
Encoder i mage I w1 | 1ot T
Encoder L 1Ty | Ty | I Ty | 'Tn

1N | HEERE © El, EAEEEIHLE
o e faen | o s RRFRASEIHIEE

* Alec Radford et.al., Learning Transferable Visual Models From Natural Language Supervision.
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FeAi IV BEIRE (EFRISHERVARSS I A ROEL
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]

N FLCLEEEECTETYY) NCCLLLCEL L EELELELLEELEELE R L ELLELEEEELEELEELERLEELEL LD H I
= Object2 :

B e (oo
./ ; ’r’ .““..‘ E :
,nﬂ i ""’ I

E I

. \\\ // -......._.__'"" E l
/ Object'1-.. : I

% (Category A) :

I

’ Outlier Viewpoint *7‘.\( Viewpoint Center I

/

BFEMANTHARASEEIRR

RUFE -3 BiR
A I SARSIRBIR L 7 M AT R
ERERAZER &IVL RSEHATR R ARRTERS

. I I
g [eme 40 By Al )|

Lvc

. N I I
0={0;}N_,,|0i|=K
L ]
Lyc

where l(z;;z-, zé@.) = max [d(zfj’ zéz_) +m, O},
138



IEFIRELHARY | ALERH AR ETFEUANFTHNR SRS

BEIHANG UN.I E IR 8 [l T ¥ Institute of Artificial Intelligence

RS AR SIR BT AE 551 A9 —EX T4 FRALE
AR T Omniview-Tuning (OVT) {E28: @ E SIS SIS SRR ASEN

:%i Freeze = —> Forward
¢y Update <€--- Backward

Framework of ®.8 Omniview-Tuning

____________________________________________________________________________________________________________

*

]
|
]
]
I
Visual Text |
]
|
I
]
1
]
|

Text Inputs

A forklift in the
Encoder Encoder oAb Bt

N
i
Object 2 :
(Category B) I
/ 1 v )
Pretrained* '." Y N i
Weights i \ & Objecrt-.. i
W, € RP*1 o .-' " / (Category A) * :
4 I
‘ 1
*‘ﬁ{ Viewpoint Center :
___________________________ ’
Multi-head Attention with LoRA Representation Space Cross-Viewpoint Alignment
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BFEMANTHARASEEIRR

S5 A R —EXTETRAE

A5 ZEES N AT SHERNEIR-XFSIRESHRE  (MCLIP, BLIP)
EREARSIESHEE (E32D-00D, #ifi-00D, LIKRTFHEE) LREFHzero-shotsyZEEIAYT(E

Maodel

ImageNet-

ageNet-1K [11]

Clean

Cifar-100
Avg. Ace.

Common-00D

£
:!".‘
Z
£

s

QOD-CV
Avg. Acc.

eNet-View. |

Viewpoint-00D

|17

-
=
7
=
il

0OD-CV-Pase 0]

MIRO [7]

Avg. Top-1

Toatal Avg. Ace.

A. Comparisons with ViT-B /32 baselines

OpenAl CLIP
Opes CLIP

OVT-OpenCLIP

T7.5/93.9 633
B1.1/05.3 6G6.5

£0.9/95.6

67.8/90.8

888 64.3/88.1 68.4/00.2

820.9 75.8/94.0 T4.5/93.0

65.0,/80.

71.2/91.9

/842

3.4 4223/70.3 33.4/62.2 50.7

8389 53.6/79.3 34.8/644 61.0

458/73.4 42.8/75.0 50.3/

754

50.2/82.6 46.5/T4.8

£1.9 53.5/81.9 52.2/78.3

71.4

51.7/70.5 40.7/76.7

44.5

54.4

61.9/81.2 59.5

65.4 27.5/52.4 47.2/845 26.5

721 37.1/63.2 46.9/81.6 33.0

/85.6 52.8/82.5 35.4

59.4 36.4/65.4

69.2 42.8/71.5

/80.1 52.4/82.4

48.6

3
54.6/79.7

56.0/82.4

MetaCLIP

OVT-MetaCLIP

BO.7/95.6 67.6

B80.7/95.6 69.7/

77.7/95.2 75.3/93.8

71.8/93.0 74.0/93.5 60.6/

854 55.9/81.4 324/62.5 63.2

85.8 47.8/T5.8 43.5/73.8 49.0/

83.8 52.0/84.2 52.6/79.5

70.8

50.1/80.1 50.2/77.2

61.4
64.0/

76.7 41.0/67.8 48.9/87.9 348

79.2 54.8/80.4 55.1/84.8 35.6

73.2 46.5/76.4

/T7.0 52.4/80.3

56.3/82.0
56.0/82.3

B. Comparisons with ViT-B/16 bas

ines

OpenAl CLIP
Open CLIP

OVT-OpenCLIP

82.1/95.7

G8.3
83.2/96.2 T0.1

83.9/97.0 71.9/!

91.9 67.2/80.4 72.5/02.3 [61.8

918 77.0/94.8 76.8/94.3

69.0/90.7

62.2

93.1 74.9;

3.6 64.0/

874 48.2/T6.3 27.7/55.7

59.1
7.0 56.0/82.0 30.7/59.8 64.9

88.6 50.5/77.9 36.8/68.9 5K7.0/

83.0
85.6
772

52.2/84.6 49.8/77.
54.3/82.7 53.6/79.4
56.3/84.5 52.9/79.4

516
58.1
65.4/

68.0 36.9/63.8 53.4/86.8 301

744 44.2/70.9 48.5/84.0 34.6

80.7 61.7/85.8 56.9/87.4 42.4

66.1  43.0/71.4

4.6 46.4/76.0

/84.9 56.6/84.7

79.1
57.0/82.0
50.6/84.7

MetaCLIP

OVT-MetaCLIP

85.3/06.5 T4.6

B4.3/97.2 T2l

83.4/97.4 T3.8/

94.2 87.5/98.0 B2.5/96.3(67.0

93.4 T8.9/954 T8.4/95.3 [ 650

4.1 73.9/93.6 77.0/95.0 65.9

/89.4

89.8 57.0

G/82.3

21.3/47.3 069.6

893 60.1/84.8 26.2/56.4 T0.2

53.6/81.0 36.2/66.8 59.0/

875
89.3
9.6

53.1/83.1 53.7/7T8.0
52.3/85.4 54.8/81.0

51.6/83.8 53.2/80.1

61.8
64.2
69.7/

76.6 44.3 53.9/87.4 329

734 49.6 48.9/90.9 385

84.0 64.8/ 55.2/87.8 39.2

b

7s 48.2/76.6

78.7 50.3/81.2

/82.9 57.2/85.5

59.1/82.1
59.2/84.7
60.5,/85.6

€. Comparisons with ViT-L/14 baselines

OpenAl CLIP

Open CLIP

OVT-OpenCLIP

BG.5/97.4

Th.4

BG.B/OT.8  THh.2

89.0/97.8 77.3/!

T6.5/93.3 79.5/05.1 (69.8
83.7/96.7 BL.9/96.2| GT.7T

79.2/95.3 B1.8/96.1

90.9 59.5/84.3 1B8.6/43.8

90.2 63.2/86.4 24.0/50.5 T4.5

1.5

72.8/91.4

91.2

52.9/B8.8 54.7/TH8

54.5/85.0 56.8/80.6

61.9/86.0 27.5/55.4 71.3/88.7 56.4/87.0 57.3/81.7

/B6.6 69.8

47.9/88.2 38.0

905 4

/89.7 57.3/94.1 50.0

74.1 48.0/77.3

#3.0 53.4/821

/89.3 62.3/89.9

58.6/82.8
61.9/85.0
65.1/88.1

E CLIP

MetaCLIP

OVT-MetaCLIP

BE.5/97.9 79.6
B8.3/98.3

8B.B/07.5

TO.1/¢
777/

96.0 90.6,98.6 86.3,/97.5(72.8

B4.1/96.9  B3.8/97.0 | T2.5

84.0/96.9 B3.5/96.8 T0.8/

92.7 GB.0/89.1 16.3/40.0 82.8

92.6 68.9/89.8 17.0/40.6

92.2

95.7

G4.4/87.9 20.8/47.0 T7.0/927 5

H4.7/87.4 58.9/81.0

B1.8/95.1 56.6/87.0 59.3/81.1

89.3 57.8/81.8

/90.6 75.4,/93.0

H2.3 61.1/81.7 54.4/94.5 39.6

H9.3 60.4/87.0 58.9/931.3 48.1

07.0/94.4 46.

BG.1  56.6,/86.1

BO.6 G2.7/89.8

4/93.8 64.5/92.9]

65.0/86.8
66.6/88.0
G35,/ 89.3

D. Comparisons with BLIP ViT-B/16 baselines

BLIP

OVT-BLIP

T6.6/93.3 529

82.2/97.0 61.7/

67.0/88.3 05.5/87.3 [47.3

B8.8 6.6/88.9 70.2/91.5 53.7/

747 51.0/76.6 25.6/53.4 64.3

83.8

O/87.6 48.4/75.2

82.9 46.5/74.2 33.8/62.7 57.4/7T7.9 56.4/87.5 49.6,/77.0

62.6,

68.2 36.8,/63.3 5H0.85/89.9 27.0

79.0 54.8/79.9 55.2/89.5 31.5/

66,1 42.4/71.9

@
=1
=1
=1

73.2 51.0/80.4

Natural Viewpoints OO0D. Viewpoints

B e

X Barbell: 12.40 X Pool Table: 9.83
v Traffic Light: 99.94" ' Traffic Light: 99.99

Rifle: 16.35
Traffic Light: 99.04

v Traffic Light: 99.85 X
v

V' Traffic Light: 99.98

X Rifle: 60.74
v Bike: 99.62

+ Bike:59.28
v Bike: 99.97

X Scooter: 83.64

Scooter: 54.39
Bike: 99.62

v

Bike: 94.97
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H4:5 7 TR RS B LAYz



Jt

BEIHANGUNIVERSITY

FIRL AR XK ‘

ATEHRER

Institute of Artificial Intelligence

| e M — BT

Real-world Domain Synthetic Domain
OOD-CV (iid) [60] | OOD-CV (Pose) [60] IM3D [47] ImageNet-V+ [47]
Model Visual Encoder |3@1.0 Q0.5 f@Adp.|3@Q1.0 f@0.5 fG@Adp.|B@1.0 Q0.5 BQAdp.|FQl.0 f@0.5 SGAdp.
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  25.5 32.1
LLaVa.Th TeCoA* [38](ViT-L/14)| 41.9 589 655 36.1 41.6  49.2 26.3  30.1 42.6 87 116 22.6
FARE" [49)(ViT-L/14)| 42.1 5389 652 | 40.2 459 50.8 352 39.2 492 127 158 23.1
OVT-CLIP(ViT-L/14) | 43.5 595 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 21.2 284 325
LLaVa-13b TeCoA" [38](VIT-L/14)| 424 67.0 722 37.4 489 51.3 25.0 28.6 415 84 109 21.8
FARE* [19)(ViT-L/14)| 439 66.7 T71.1 41.9 521 54.8 36.1 414 486 121 159 20.8
OVT-CLIP(ViT-L/14) | 45.7 67.3 70.8 48.2 58.6 61.9 | 504 58.9 63.2 | 26.4 36.2 40.9
Original CLIP: Original CLIP:

“A black background with a whife wheel.”

OVT-CLIP:

“A metal dumbbell is on a black background.™

“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.”

BFEMANTHARASEEIRR

FERY, ERAFURKIESKIRE
(LLaVa, Openflamingo) B}

BAIMGABEEBAMURAHAE
Image CaptionfE5 LR ABEHEE
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> LIFFIRHILLAMA S
> Decoder Only
> Why Decoder Only?

> TR

> YRFEHHKV-Cache

> Z7FScale up

> GPTHID UL (m7KZF1T) Lt BEEZvYEER
EncoderDecoderfiTS5HERI N ZEZ

> BB

> Encoderl{EEEIRNRFRIEMA: A Causal
MaskBiEE M4 alEE R
TR NHTE=HENIAHRTR
> IE—igAYTransformer DecoderfZE X5
> RMSNorm, RoPEfiIEZ®fS. KV Cache. Group
Query Attention, PostNorm. FFN, SiLU

{KF#x8Y; DecoderfJEa[m)

SoftMax

RMSNorm

i

Transformer

Block
Layer 32

Transformer

Block
Layer ...

Transformer

Block
Layer 1

|

Input
Embedding

1

/ FeedForward é<

i

\‘\\ Transformer Block

Attention




PR\ RMSNorm

> XgtbLayerNorm#IRMSNorm

r — E[x] T
LayerNorm : y = * v+ RMSNorm :y = * 7y
\/Va/r'a," T € \/Mea'n, z?) + €

1
Elx| = N sz Mean(x Zx

=1

Var[z] = ~ Z(m — Elz])?

> WEEE/N, HREEER
> MR EREHEET



m PreNorm&PostNorm

> FEELINENorm, K25 NormBiIl%EE

> PreNormZZill4x, XTFREMEFEIRIBERA KL
> BREEESX, BEPEHFEER/N
> REERNNE, HEHEENREESS
> TSN T BRI NEMARREMNLS
x; =z + Fo(zo) + Fi(z1/01) + -+ + Fi1(zi-1/01-1),

Ti11 = xo + Fo(xo) + Fi(z1 /o) + -+ Foa(z-1 /o) + Fi(z/o7)

> PostNormA~KBZFH)|%
> ([FEBERESR, SEERELIIFS

> SRMSNormEE2EH oA, HREBEIEK

= Xi-1 - Fro1(xi-1)
I —1
V2 V2
Fia(xi2) Fio1(xi-1)

- X1-2

2 T2 T &

Fi(x1)
=)

Fa(x)  Fra(e-)
2(-2)2 172

xo  Fo(xo)

21/2 21/2

« Transformer 2£#&8ch, LayerNorm EGFHEMELT

Pre Norm:
Post Norm:

x ., =x; + F; (Norm (x,))
®;.; = Norm (&, + F (x;))

X141 X1+1
Layer Norm addition
A
addition FFN
1/ FFN Layer Norm
4/
A
Layer Norm addition
T 'y \
addition Multi-Head
X Attention
Multi-Head T
Attention Layer Norm
}/ £
X X1

(b)
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