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N e

Qutput
Probatbilities;
|  Softmax )
t
| Linear )
f[ Add & Norm ]ﬂ\ > Eﬁ)\ﬁ)\%
NS N = _ LY
Fee > Encodertf&E (ZXEIRT]. BIIRMENES)
N G === S| —— S . LY
— > DecodertfZR (HEZLEEN. ZIRXNERT]. BIRMEHEMZE)
A = : : AP
el ——a > WHE (%R, softmaxiElidEREl)
Feed Attention
Forward 7 FYD) N x
\_‘ F PN
(Add & Norm Je (— )
N> | —~{Add & Norm ) = 0| —» 1, 0, 0, 0
Multi-Head Multi-Head ot e —d
Attention A‘tte?tion 1 ——0, 1, 0, 0— man —| 0.6 (-0.2| 0.8 | 0.9 (-0.1]-0.9|-0.7
\\— J \ _"‘J ; >: :< woman —| 0.7 |03 |09 |-0.7] 0.1 0.5]-0.4
Positional Positional 2 A 0, 0, 1, 0
Encoding ®_@ @_® Encoding \ ) &= ’ , ’ =
Input Output (- =i
Embedding Embedding 3 A 0, 0, 0, 1 queen —| 08 |-0.1|08 |-0.9( 0.8 |-0.5|-0.9
] [ — —
Inputs Outputs one-hotéﬁﬁg (5&?&%6@) word embedding

iShited righ SN BRI, HEERE



N e

(SIE%ES (Positional Encoding)

> iy
P ”%‘f — = ,—‘L, b] ﬁ‘i
s A % L =P
% #To5i™ §
°’UH ‘A‘ (S NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

> {EH
B FYFE N TTRAVEN AU EERRE AR ENRA, HizOBrRIRIRt BT HIaI5=RFERpE.
> BlF

HF A: Dog bit Man (AT A) f)F B: Man bit Dog (AR T )

> e

AR E—MIBposHEE— ME—HIE Ep, BN IXEHMIB". AR fEmE AR
: 0s 0.3 0.9
PEI_';}{.J:;.EH - S?'ﬂ'( 2 2 ) 12
| 1{]0“0‘4“:{”# ! 04 + 0.1 = 0.5
DOSs
PE“,{_JH_Q*; F1) — CGS( P > ) 0.2 0.2 04
10000 @med 0.7 0.3 10

. posi: tokenfEFFFIRRVERIAE (B84, w0, 1, 2, 3, ...L-1)
o =4 y BY AL i P + \} b e N
| o BN (M55, 768, 408) KESMEIEE; BYANEESRE—E

SE gk @ https://developer.aliyun.com/article/1144579 @ https://blog.csdn.net/v_JULY _v/article/details/134085503
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N e

nEsE B3 (ROPE)
B EERRE

/

g- X' V\m E [QKT]mn = 4m ky, =4q,, k
; i N E B2 m M3IRY Query MESSE n MM Key HERISFH,
-/ ; ke
: { (X1, %3) > : — R B
E \ ey X 1 X1 ion Ei _:/: i " Score(qm,kn) _ (f(q-'mm)! f(kn?nD
: m " =
LT Wi N S-S ; (Rontin; Rk
_ A = (RQO) (R kn)
Enhanced |11 -+ [0 (1] @-’M = ¢-R' Rk,
Transformer [ [ [ [ J--- [T ["1T°7] 2 bl --- ] i m
with [ -~ (00 3 —— B --- (O R’R,=R 'R, =R ,R,=R,
Rotary [T T T]--- (T 177 4 Crri---C1 171
position [T T T ]--- (T 1] Crr1ri---C1L 1 Score(qm,kn) —qun mk
Embedding [T --- [T I 6 I --- 1
Query / Key Position Position Encoded Query / Key 2:':13 Ij\:ﬁ \—I:I%/ \{KﬁﬁRn -mr D/E\l|—51:ﬁle-1ﬁ§n'mﬁ

x, 5®IFNEMENTR

ROPE ?‘-J,—ﬁ ,F'j";_: cosmby —sinmby 0 0 0 0
fh = . g sin m#fy cos mby 0 0 0 0
1. —FHE’)\-IHJ - EmbEddlng - Q.‘I KJ v |HJ—=E 0 0 cosmby —sinmb, 0 0
2. WRAERIE m, AEAERAERE R_m R —| 0 0 s s, 0 0
3. JigF: Q" =Rmx Q, K' =R_n x K (HAESHH! D ' : : : :
. |_Jﬁ Att t. . g _ v K'AT 0 0 0 0 <o cosmbyn g  —sinmbyg_ g
4. 1 T A ention: Score = Q R 8 5 8 o simmbga,  cosmban
5. V [MEAER:, AfEEH] Wo

— - —2(i-1)/d ;
S%E& k. @ https://spaces.ac.cn/archives/8265 (@) https://zhuanlan.zhihu.com/p/2023493768003724514 © {6’ 10000 i €[L2,..0,d/ 2]}
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(BL) EEEHNE

> iy
FKS\\ //&;f é/j‘h ‘ d,%l i ﬁsl
3 \"ajil ’I Hl JL\' '_'i
% o5 §
o 'N‘A‘ NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

Self-attention o), = exp(ay; ) /Z exp(ay;) L'f
j inear
“1.1 (Tiiz ati,3 (;i,4 1
t
o pe—— Concat
| | | | 11
apq a2 a3 14 C =ia 3] == 28 =
Scaled Dot-Product h *WE*’E'Engﬁﬁmzﬁ
Attention
e g ; R L L . axi )
B o k Linear Linear Linear J%m)\H*ﬂﬂﬁ“%’h??éﬂ#‘f?ﬂ'%ﬁi%ﬁ, {§$E§2
] I | i ' ' BERIR S L5 R RN B S TR,
al a? a3 a* r r r
ql = Wlql k2 = wka? k3 = wka3 k* = wka* \V/ K Q
kl — Wkal

o (2.0, K. VSRS MM 3*hidden_size?, EEIEAT
Attention(@;n Ky, V;}} = ngf,-m_a_m( Qr > H) % SEFRELKY, SMKVEELEEE
\.l' 'I‘

hidden_size: 1EEIEA token HNAEFRIIEE



N e
Z AN

Z%iEE (MHA) PHEERFEET (GQA) Z8iRiEEN (MQA)
RIRLEIEDRREMI  FERLASHERNFELE % KV BRI

) AL

NANJING UNIVERSITY OF AFHUNALITT S5 AN A

ZLBEES (MLA)

EFR D RSN ERIBEIDEILIL

Muiti-Head Attention (MHA) : Grouped-Query Attention (GQA) : Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)

_—

Values

G222

E

O /777y A7 S SIS
N ALY

&z

EZZzZ2

TEEmEEEEEEmEEmEE=
ZZZ22
v
-—-----

N N B N B
Km - :‘ = -
MEREMKESi > 4H /)N group_size HY SHHIR:
SHPHR . hidden_size? &8¢, 13/\UESRE MHA (R 2*hidden_size*head_dim
%) , TXNEE MQA (FiX55)

head_dim: #MNEEI3k (Head) REBRTIHENRESEE

SEEh: @ https://www.cnblogs.com/rossiXYZ/p/18827618#
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% Fos §

i NANJING UNIVERSITY OF A
A

N B

EncoderfllDecoder
Output N
Probabilities ﬁt* E!IA Eﬁ-}jllill W’L‘{E%
* S =g =
beouer  Encoder | AR (UGF. Efgpatch) | EFXEFEEEAR (Context Vectors) | EHRA: RIUBXER.
( T ri8 ﬁ;l'll | {
o ‘“ Decoder | BAERMES I (MEMEWDT) T token ST SERut: RIS
Forward
(~Emmn) | || > EEHNEIRR ()
Feed Attention
orwart Nx . R
; - | ‘}_}% ® Encoder §9iFE1]: & Self-Attention (Bi¥=7) . .
N> | —{CAdd & Norm ) Adsaégzrm 4 75 Mask: 81 token FTLAEZRIFYIFFrEESD token (Wﬁﬂ) , BNEFZER LT,
Multi-Head Multi-Head
Attention Attention PY Decoder E{J;E%Z\jj ﬁ\%ﬁ}%o . .
c—L_} J I ) i /) $£—E (Masked Self-Attention) : & Mask (I&8f3) . &1 token REEEZRICLIL (B4ERL) B9
Postional () @& Posiioral  token, PBHLEMIBERRK, (RIEBRIFEMINSIEM,
Encoding Encoding
Embedding Embeseing BB (Cross -Attention) : 3EU{ Encoder By, A_Query *B \Decoder HE, Key #1 Value 3k
1 ] H Encoder, iXit Decoder 7£ EEJZ.ET‘lﬁ "BELE RRYER (ELAIEhFERIXITTIRS) .
Inputs QOutputs
(shifted right)

SE @k @ https://zhuanlan.zhihu.com/p/1967860454354301874 (@) https://zhuanlan.zhihu.com/p/1977120174495798604



S AL

NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

RERS
GPT-1ilIExE3: Fiili#s+Fine-Tuning (2018.6) GPT-2i)lIE5E30: Flls+FHE (2019.2)

AEA: FERERHESMES LRIESK, )l
Rg—: Fm)l

HEREFSBEAMEAS. RIEBERT, WEEANSIEEIIER, T2ISHEET
GBI R TSI EA G —, N IS T ERERE, e

Linear & Softmax
PreE::(:ion Cl:sa;i‘;ier Classification ‘ Start | Text ’ Extract |i|—>{ Transformer H Linear | : ”I’'m not the cleverest man in the world, but like they say in
\ / | Layer Norm French: Je ne suis pas un imbecile [I’'m not a fool].
( S e e i e e s e e i e _ y
- 2 In a now-deleted post from Aug. 16, Soheil Eid, Tory candidate
Entailment ‘ Start | Premise ‘ Delim | Hypothesis | Extract |——| Transformer H Linear | TE in the riding of Joliette, wrote in French: "Mentez mentez,
Layer Norm a Foed P il en restera toujours quelque chose.” which translates as,
K 0000000000000 000000000 0000000000000 000D BTSSP “Lie lie and something will always remain.”
()
g =
“I hate the word ‘perfume,”” Burr says. ‘It’s somewhat better
| FoadEorara ’ Start ‘ Text 1 ’ Delim | Text 2 | Extract | +| Transformer Layer‘N"m‘ in French: ‘parfum.
Y Similarity = Linear - . .
12x — - Ma L. 12x, 24x, 36x or 48x  If listened carefully at 29:55, a conversation can be heard
‘ Start | Text 2 ‘ Delim | Text1 | Extract | "| Transformer i between two guys in French: “-Comment on fait pour aller
| Layer Norm = Masked Multi de I'autre coté? -Quel autre coté?”, which means “- How
| Self Attention do you get to the other side? - What side?".
()‘_ ‘ Start | Context ‘ Delim | RS ot | Extract | __| Transformer H Linear I.f Ihis sounds like a bit of a sllrefch, consid‘er this ques-
| Masked Multi ! | tion in French: As-tu aller au cinéma?, or Did you go to
Self At{enﬂon 2 the movies?, which literally translates as Have-you to go to
Multiple Choice ‘ Start | Context ‘ Delim | Answer 2 | Extract | _+ Transformer H Linear _ movies/theater?
- “Brevet Sans Garantie Du Gouvernement”, translated to
Text & Position Embed ‘ Start | Context ‘ Delim | Answer N | Extract | «»} Transformer H Linear Text & Position Embed English: “Patented without government warranty”.
—_ /\E)'Lti =
Bk =5

OFXEEILZ: BELINAA, iIIHERBF OfiEWebText, BARBINIS LIRS
QBREMA: FE NHISHINEEEE, KBS EMA QEHASBIEEES

S¥E: 1172 ) || E4EE . 5GB SHE: 152 )l

HEUEE: 40GB

SE#EL: @ https://gwern.net/doc/www/s3-us-west-2.amazonaws.com/d73fdc5ffa8627bce44dcda2fc012da638ffb158. pdf
@ https://insightcivic.s3.us-east-1.amazonaws.com/language-models.pdf
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N jamuEs
GPT-3)J&E : TG+ VAR (2020.5) > {REILEH
RIRGPT-2EHEABTUMEARE TR RIRAS
> EARISIRE o N e

Quantity Weight in Epochs elapsed when .'-. - -- .'-.
Dataset (tokens)  training mix training for 300B tokens . " '...
Common Crawl (filtered) 410 billion 60% 0.44 "-. . "
WebText2 19 billion 22% 2.9 = — —
Books]1 12 billion 8% 1.9 > EFTFNES
Books2 55 billion 8% 0.43
Wikipedia 3 billion 3% 3.4

QBT NEEXIEMIAERENA; Pareton RIS EHIE. i el e e e o £ e 3 i
QOIEHAEE . {#F Spark MinHashLSH (Eﬂﬁﬂ’n‘?ﬁm ) TTESHEBEIE. ToaREL L Tt LS et i lagpr T sk S g meih e,

SHE: 1705(2 i) l|252 , . |

gé;;_éné:;ishl.::t::t; lPii:‘s;“el;r?\;idéfme u:lt:h ;dbfief de‘sc‘ript‘iunluf the des_ig: ynu’r:
> E*Egﬁiu*mﬁ d::elgffu::.a a’ WO nice 1 ¥you cou share some eXamples or projects you ave
Model Name Nparams Nlayers dmodel Mheads dhead Batch Size Learning Rate = =X Prompt £H376l FE &
GPT-3 Small 125M 12 768 12 64  05M  6.0x1074 zero-shr e | D |z
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0x107* U pr— TN
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 1074 One-shot a0 | e | o
GPT-3 XL 1.3B 24 2048 24 128 M 2.0 x 10~* s e
GPT-32.7B 2.7B 32 2560 32 80 1M 1.6 x 10~4 i BUKD (210 7 b s cove: S (T
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2 x 1074 R E T ke %
GPT-3 13B 13.0B 40 5140 40 128 M 1.0 x 1074 - - S
GPT'3 175B or uGP’Iw_3n 175.0B 96 12288 96 128 3.2M O‘G X 1074 T XEES: xX= AR SRBESRH (IAMNEERSE) | XVETEEREANEESER

SEEL: @ https://arxiv.org/pdf/2005.14165 @) https://arxiv.org/pdf/1904.10509 (sparse transformer) ® https://zhuanlan.zhihu.com/p/18104675680



{b,c,h,w)

{input images)

RERS

{h, 1, num_class)

(b, 1, 12) = (b, 1, 1024)

Patch + Posi
Embedding

* Exora brarnable
fclass] envhedding

SEE
FiE—
s

ViT (Vision Transformer) 2021

Vision Transformer (ViT)

MLP
Head

(b, 1, D2} =(b,1,1024)

' Transformer Encoder

| th, 65, 1024)

Transformer Encoder

where N=hw/P?

(=)

ETTITLLT)

b, 65, 102

Linear Pm]f..i.unn uf Fl: lHqul Paullv-

]

R R

(b, N, P*¢c) = (b, 64, 3072)

oL
—*ﬂlmgﬂﬁﬁﬂ

(b, N, Pxc) =

(b, 64, 3072)

Embedded
Parches
24}

(b, N+1, D) = (b, 65,

St ALE

NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

1. BINBE& (input images) #Y shape = (b =b, c =3, h = 256, w = 256),

2. BINB& (input images) #7143 (Split / Divide) 7@ (Flatten) A: batch size {34 b, @iEdic=3, RY P=32, IN=
(256x256) / (32x32) = 64 [IE&HL (Patch), S/MEIEIR (Patch) 98 P = 32x32x3 = 3072 ME=,

3. El&R (Patch) fRAZA42E/E (Linear Projection), BRIMNEYAKE (length) A N = 64, GE=2UK/)VEERE (dimension) A D =
(32x32x1) = 1024 FIE(FLRIRA (Patch Embedding),

4. F M EGRERA (Patch Embedding) #&5t&/0 (Element-wise Summary) ANEREMNG, R1PA NxD = 64x1024,

5. BBUEHRNEGRERA (Patch Embedding) BT1KE (length) 4 #53 (Concat) — BT TR S4E5RAT 121024 )%
SIHNER, FRAINS 65%1024 522 (K (length) N+1 = 64+1 = 65),

6. EERNBN ISR —FIRIRLEE, BEIRIIA NxD = 65%1024 Y&,

HIEIRGIR — IRFZRKAE — ME+CLS — BiTENER/IZE — REICLSHE — £&EEDE

> WERBER

Ours-JFT Ours-JFT Ours-121k Noisy Student

(ViT-H/14)  (ViT-L/16)  (ViT-L/16) (ResNetl52x4) (EfficientNet-L2)
ImageNet 88.55+0.04 87.76+0.03 85.30+0.02 87.54 £ 0.02 88.4/88.5*
ImageNet RealL 90.72 005 90.54+0.03 88.62+0.05 ). 90.55
CIFAR-10 99.50+0.06 99.42+0.03 99.15+0.03 99.37 £0.06 -
CIFAR-100 94.55+004 93.90+005 93.25+0.05 93.51 +0.08 —
Oxford-IIIT Pets 9756003 97.32x011 94.67x0.15 96.62 +0.23 —
Oxford Flowers-102  99.68+0.02 99.74+0.00 99.61+0.02 99.63 £ 0.03 —
VTAB (19 tasks) 77.63+023 76.284+046 72.7240.21 76.29 +1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k

SENEL: @ https://arxiv.org/pdf/2010.11929 @ https://www.zhihu.com/search?type=content&q=VIT
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)]
CLIP 2021
> Tt iRy L
+ (image, text) EEXI3ES]: RUSIBTRAL, (BLUERGH (ERIREMLLETRE (Info NCE loss)
- BEIREAEIRE: HIEEX (18K X) , (BXAIEE, FiE zero-shot iZEFHES

EFConVIRTHH{TH, IHZREIHS 7. = softmas(z+) exp(z+)

B ﬁ Yo exp(zi) ‘ —log

) I 3T IR R == wilog(i;)

exp(z+)
Si eap(z:)

e ——————— |

i Aty T; T ieK
- i | ol I o o I | MNF—EHEFR z;, RGBSR ¢; B— 1T EHFEN x; (ERANE—EXNFEMNE, NERRREIEER
—— | #), UK K NMageas o |, InfoNCE Loss BIATH:
i —» Iy IrTy | I2Ta | 1>Ts 2Ty
N
I;:Tci?ﬂeer > I I3T) | 13Ty | I3T3 | I3 Ty L o 1 1 exp(szm(mt,m )/T)
‘ InfoNCE — _W E 108 ) | . _
- i1 exp(sim(z;,z])/7) + Zk:l exp(sim(z;, z; )/T)
" |
> Iy IyTy | IyTs | IgTs | o [ BT Hep:
2. N BEERHE, sim(-) SHEMERY (WMRZEMENSH).
P Y Y — 3.7 =mEE (Temperature), BT ETERSHNFEIRE: 7)), BUEERWEKA, TLRALRE™
image = preprocess(Image.open("dog.jpg")).unsqueeze(@).to(device) . \ o
*ﬁ: Tﬁj{: ﬁﬁ@$r§'o
;13;;Q;H;HE. B ~»vm‘w;r;u7 T def contrastive loss(logits_per_text, logits_per_image):
> =}

:a p:oto O: a dog:, a photo of a dog: 8.8523 batch size = logits per text.shape[0]

": Ehzzz Zf Z ;::d: a photo of a cat: ©.6821 labels = torch.arange(batch_size, device=logits_per_text.device)

"a photo of a cawu, a photo of a bird: @.8312 loss_text = nn.CrossEntropyloss()(logits_per_ text, labels)

"a photo of a person” P e e e loss_image = nn.CrossEntropyloss()(logits _per_image, labels)
] a photo of a person: ©.8143

return (loss_text + loss_image) / 2

SEEh: @ https://zhuanlan.zhihu.com/p/506544456 (@ https://arxiv.org/pdf/2103.00020



N jamuEs
BLIP 2022.1

> TBRRSSIEERY (WICLIP, ALBEF) XFf4fiencoderZBty, EIKEIXILES,. Mas (VQA) HIEMEIS, BWLIEERTXXAER
> HEREIERY (WNOscar) SEFencoder-decoderZ2y, 1ESEIGIRIALERL, (BEEFES ERMZR

ITC
/
oD
Feed Forward
A
» D
NXx NXx
Self Attention
A
Image
Encoder _ N
By
1 Text
/ %ﬂ[ Encoder

fiﬂﬂ!ﬁ
image encoder: E/{&47028,

MREELE 1%, IRERRAYIGER.

text encoder: XXARISEE, FATIREIASHE, ¥R HBert, 1Z2E 5image encoderBAS &I B 779
ITC (Image-Text Contrastive Loss) , ITCEERFINAMETZIHERENFIE=E (SCLIPZEMLL) .

A

\

Feed Forward
————
Bi Self-Att

A
Y

3

/

“leLsy+(C )

IT™ LM
A
. P I i D ™\
Feed Forward Feed Forward
A Y
»D >N
T >
(Lcross Attention | o Cross Atention |
Cross Aitentmn Cross Aitentlon
» D Pany
gy > D
l Bi Self-Att | Causal Self-Att
h A
A= /) NS _
Image-grounded Image-grounded

Text encoder

”[Encode]+C]" Text decoder “[Decode] +:]n
f

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

FATIRENGEEE, ¥R TEImageNet ETR)IERMAVIT, ZERFES5HM3

image-grounded text encoder: E{&IA4RIDEE,
[Encode] +3X 7, B5M3 block EELARZ BRI X iTimage encodersI N ERIRTAFE. VIgBixA
ITM(Image-Text Matching Loss), BIXHEBINAFERESRLEHT S,

image-grounded text decoder: E{&37AfEI05E
image-grounded text encoderzE{Ll, JlIE&BRrALM $7%(Language Modeling Loss),

ATFIX AT ERES K. ZREATRAN

. FERE &N caption, XXFEIHFIGIAS

S AL

NANJING UNIVERSITY OF A-HUNALIT

SANDASTRIINALIES

> ITC IRKAER : R KE NGRS RIE—4FE=E,
TTERZAEE, hDEICERS, AL,

> ITM IRSRAER: — o 3¥(ES (UE/APLED)  BERRXE
B TE-KigRdsT, HIRrEX REEIEXI,

> LM IREAEH: BRIFIESEE (FUUT— token) . 1H
ERBEEREMEN, WhsEEGBNTEER.

SE @A @Ohttps://www.cnblogs.com/JuggyZhan/p/18863169 () https://arxiv.org/pdf/2201.12086
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N jamuEs
BLIP 2022.1

> HIREERIETE (Dataset Bootstrapping )
MBEIREEX EXTFEXARENERS, SREMERIR, SEUNENRETE

Model Pretraining Dataset Bootstrapping

BRI =

Filtering

Filter

{U, T} +{(1,, T} |1 5 Todata

i
I ]
'E" D = {(,, T, )} + {Un, T2} E (Image-grounded ‘:/\>
I - 5 e
: _ | Text Encoder) @ Fr— FRE Captioner: {—KMERS, EHFRE. ERE—MIKAREDRE, £ COCO HuR
1 Pre~tramJ1 i fTcaimm finetuneﬂ (U, T} @ | In: human-annotated £ FEA LM BfRREAE. AEMEER 1, . Captioner £5FE T .
ultimodal Mixture o i e T +H (1, Ty, 1 e . s . o . o
: Encoder-Decoder ' ! . | Ti: web texts iTiEEE Filter: TERIEFENNY. B2 — MK ARDLS, EXAEGEEGILE, &
i i
| —— — N, Mfinetune [] ) - iy COCO e R ITC #1 ITM BHnEEuiA. Filter BIRRER Web 324 T, FIARA
e SR i Zree . g | 7, fkered syntheti T, ST, MR TV SUSEFTI SESRIE, MIANXAEES,
| | - ded ‘:> {0, T} ) = 1exis
i Downstream Tasks : ( r;zf[)izﬂ;; Captioning E Tyt ::szan-annotated
!— ————————————————— 4 :- ———————————————————————————————————————————————— I

Figure 3. Learning framework of BLIP. We introduce a captioner to produce synthetic captions for web images, and a filter to remove

noisy image-text pairs. The captioner and filter are initialized from the same pre-trained model and finetuned individually on a small-scale
human-annotated dataset. The bootstrapped dataset is used to pre-train a new model.

> BRRER

T..: “from bridge
near my house”

T,,: "in front of a house
door in Reichenfels,
Austria”

T, “the current castle was
built in 1180, replacing a 9th
century wooden castle”

T;: "a flock of birds
flying over a lake at
sunset”

4 T.: “a potted plant sitting

y Ts: “alarge building with a lot
d on top of a pile of rocks”

| of windows on it”

Figure 4. Examples of the web text T\, and the synthetic text T.. Green texts are accepted by the filter, whereas red texts are rejected.

SE@EL: @ https://www.cnblogs.com/JuggyZhan/p/18863169 () https://arxiv.org/pdf/2201.12086
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> B8

ChatGPT ilEEBY LLM BUERME, Flamingo LA LLM 98 I N EE IR EBINGIEE ;

FTMEES (Representation Learning) : F3Q-Formerl 3B S X AHB XAV EIGIFALE;

Q: query token positions; T: text token positions.
Q-Former r
Image-Text Image-Grounded [ masked [ unmasked
Matching Text Generation
Q T o T Q T
——
Encoder sushisssind | Attention Masking

UL 00 mE NEmy |
bidirectional

Input Image

‘0000 ‘°comm ‘COmm

U000 O00m . HE 0]
'Ooooo '"Oooo "mE 00

Bi-directional Multi-modal Causal Uni-modal
Self-Attention Mask  Self-Attention Mask Self-Attention Mask
Image-Grounded Image-Text
Text Generation Contrastive Learning

mutlimodal causal
¥~ = uni-modal - —*

Learned

Ousrias |H EH-H H Input Text [acat wearing sungiassesl [ !r&:gt:}-!;l;?;t J

ErkEF>S (Generative learning) : EQ-Formerf2ENAYHIEXTSFEIN A=

EE-BE- Output Text | a cat wearing sunglasses
Bootstrapping from a - f _\\\‘ [ J
Decoder-based Fully - 7
Large Language Model L ReForee | | Connected ] il LLM Decoder
(e.g. OPT) ik T, R
/ EE-EB ~+{ [l F-- 3 B
Input Image Learned Queries
; ED-EE Suffix Text[ wearing sunglasses ]
Bootstrapping from an -.m.-.-'
Encoder-Decoder-based ﬁ . Image Fully € _
Large Language Model ' — . [ Q-Former Cobraeted 7 LLM Encoder % LLM Decoder
(e.g. FlanT5) [}
; ED-EBE + B O-BE](acat
Input Image Learned Queries Prefix Text

SEHE: @ https://arxiv.org/pdf/2301.12597
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N jamuEs

BLIP-3 2024.8

HIEAR, FREMSFEEARE, MLUXEEA LMM =5 «  EEIRE): & MINT-1T. BLIP3-KALESERESIESE
- ZREZY (Q-Former + =HRKEER) , MELIKHUHET R «  BRaiEiMk: FEIYT/ER Vision Token Sampler 4, Q-Former
(HFREGRAN, TRCEEBARNEN AR - BiFH—: (URBEEIITXAREK, B ITCITMITG 25
. o BRAS: RESEENSEGRBAN

COCO-style image caption data (ITM, ITC, and ITG losses) 1 multimodal interleaved data (next-token prediction loss)

1 1 Leptis Magna, Around a
> £ in modern day =
Acatwearing
a4 — BLIP-2 —_— BLIP-3
Sy, || cunglasses Complex - Scalable Vision

Token Sampler

1

1

1

Q-Former :
1

1

(a) BLIP-2 Framework 1
1

: Interleaved Multi-
Pretrained LLM b d | — —_— image Finetuning g BLIP-3 LMMs

L 100B Multimodal 30B Multimodal 6B Multimodal 4B Multimodal
0SS Loss Tokens Tokens Tokens Tokens

. m M ... > vision transformer: SigLIP (FilIZk)
t t > token sampler (3JIlZ5k)
¢ |

," > LLM: phi3-mini (JIIZ&)
1 & m 2. Any-Resolution Vision Token Sampling

1. tokenSEiEs 24N EERIN SIE
I . token3RiFzg (EED PGS Token FHE)

1 $ Text Tofenlzer 1 $ Text Tolkenlzer ses LA ViT SRENER Patch HEEF| (;Z[] NA Token) il aﬁzj@?@%ﬁm%j{% -
2. %3 Query: Mist—EEEHENEANE (83X Patch F 128 4* Query) o BESISHAB A 384x384 f Patch (B2 12 4)
s . e o t —— 3.XEFEA: Query {4 Query, El& Token {EA Key/Value, #T Cross-Attention , gg::‘;i%g_-;ﬁj;Eiiﬁgfmﬁ;;i#ﬁ?éﬁumﬁﬁm
e i | 4 Wi 128 NEEREIRFE AR, EEEA LM 3 Patchwise RUBRE:
the whole Mediterranean. If = v amphitheatre was built to seat up to & *@f&i‘l’ Z:?#}%Fﬁﬁ Patch ﬁi}E—[ﬂ%ﬁTéﬁ, ﬁ'ﬁ%i\jﬁﬂ\ Patch Emmﬁi Perceiver Resampler
ot (o b emorinet, 0 ot come o S5l o B i AR TR S ] b

SE @A @ https://arxiv.org/pdf/2408.08872 () https://zhuanlan.zhihu.com/p/28392731664
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Language Response X, ’ . .

Language Model f

Projection W

Vision Encoder

NAYRmiEeE: Vicuna

e s GaE

z, P

Xy Image
Midmhoes: CLIPTRI

> IEEE

« Conversation: XiEEEE, T 58K PMEAXR

- Detailed description: XNWE{GFEMEMEAYEIA, £ 23K M
- Complex reasoning: S#IEREEE, HENRISEETEER™E

RUBIEELCHEE, £ 77K PREEA

Xq Language Instruction

HHEVIT-114

.

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV. ——
The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.
Context type 2: Boxes 3
person: [0.681. 0.242, 0.774. 0.694]. backpack: [0.384, 0.696. 0.485. 0.914], suitcase: ...<omitted>

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle. and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image. a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage. including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>

SEHEN: @ https://arxiv.org/pdf/2304.08485

@ https://arxiv.org/pdf/2310.03744
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LLaVA 1.5 2023.10

Instruction Tuning

language model (Vicuna v1.5 13B)

Pre-training
LLavA | 0.67
-1.5 [0.56
Qwen-VL |
-Chat
Instruct | 1.2
BLIP 129
10!

# Training Samples (M)

i  split
|

OO0O0000o0nc 0 |
vision-language connector (MLP) tokenizer &
50 embedding
1400
vision encoder (CLIP ViT-L/336px) ,
User: what is
unusual about
T this image?
10°

LLaVA 1.5-HD

LLM

resize

- BEoPERNEGDEIRR, SRAK/NBURTRERIDSEEBAIRRIA/N (FIa0 CLIP-VIT-
L/14 AJLASMERI D ERTS 2247224) . RGeS IR EE—IR,

- [ERY, BEoPERRIER resize pil i miDsRaER IR A/ NHERN RIS RR I TIRT
- B EERSRIERFHRE R I TAHE

® https://zhuanlan.zhihu.com/p/696402890
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Stagel: Pretraining Stage2:Multi-task

Pretraining

[ QwenLM &]

Stage3: Supervised
Finetuning

[ meﬂAd&]

[ QwenLM ]

Learnable T Learnable I Learnable T
Query — CrossAttn d- Query — CrossAttn t‘ Query —| CrossAttn &
Embs I Embs Embs
ViT & ViT & ViT

@ Low Resolution @ High Resolution @ High Resolution

Image-Text Pairs Multi-task and Chat Interleaved
& Interleaved VL Data VL Data

> Stagel Fli)ll%

BitR: RIBANIERE. S8rRERIEISR-SXAFIIELE)
MR- ESiEkcss, EITAEAREIESRE,

R, (e dmiSes
(DHHER224+224)

Language Dataset Original Cleaned Remaining%
LAION-en 2B 280M 14%
LAION-COCO 600M 300M 50%
DataComp 1.4B 300M 21%

Enelish Coyo 700M 200M 28%

B CC12M 12M 8M 66%
ccaM 3M 3M 100%
SBU M 0.8M 80%
COCO Caption 0.eM 0.eM 100%
) LAION-zh 108M 105M 97%

Chinese

Total 5B 1.4B 28%

SE& @k @ https://arxiv.org/pdf/2308.12966
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> Stage2 Z{EET)IZk

Bir: SINSRE. MuBRRINE, RIS ESEED,
RERFIFEEIMERL,  (D¥#ER)94487448)

Image Captioning

<img>cc3m/01581435.jpg</img>Generate the caption in English: the beautiful flowers for
design.<eos>

Vision Question Answering

<img>VG_100K_2/1.jpg</img> Does the bandage have a different color than the wrist band?
Answer: No, both the bandage and the wrist band are white.<eos>

OCRVQA

<img>ocr_vqa/1jpg</img> What is the title of this book? Answer: Asi Se Dice!, Volume 2: Work-
book And Audio Activities (Glencoe Spanish) (Spanish Edition)<eos>

Caption with Grounding

<img>coyo700m/1.jpg</img>Generate the caption in English with grounding: Beautiful shot of
<ref>bees< /ref><box>(661,612),(833,812) < /box><box>(120,555),(265,770) </box> gathering
nectars from <ref>an apricot flower< /ref><box>(224,13),(399,313) </box><eos>

Referring Grounding

<img>VG_100K_2/3.jpg</img><ref>the ear on a giraffe</ref><box>(176,106),(232,160)
< /box><eos>

Grounded Captioning

<img>VG_100K_2/4.jpg</img><ref>This</ref><box>(360,542),(476,705) < /box> is Yellow cross
country ski racing gloves<eos>

OCR

<img>synthdog/1.jpg</img>OCR with grounding: <ref>Itis managed</ref> <quad> (568,121),
(625,131), (624,182), (567,172) </quad>...<eos>

> Stage3 WEMIE

BiF: BgIESHRIFIRA Qwen-VL RUESBEINNNEREN, £/
Qwen-VL-Chat,
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Picture T is an image from a blog
DDDD £ i oooooono
[ QwenlM Decoder ’ \\
DDDDDDD ...... DD'D---E]“D ------ DJ:H:‘ ...... DDID DDDDD i@idreshape + transpose}s&{’ﬁ
Images el 11427 tokens | =g tokens | " 1125 fokens ' | 2208 tokens | Picture 1 is an image from a TESBEAFIE D IRHFE— S s
Picture 1 Picture 2 Picture 3 Video 1 5
( Vision Encoder ] > ~ N
I Native Resolution Input \ v ‘§1
clo Qe

Height{ |~

8204|| = Picture 2

Width: 1260
Picture 3

SETE ¥ Qwen2-VL - T
Picture 1 Position id: T i 3 o
> 1. RENEDHEER (Naive Dynamic Resolution) N

ViT B ES i Patch#ig

> 4, SIESHIEERAERRAN (M-RoPE)
i sl B8

Aspect-ratio

Aspect-ratio 78%

distorting Extract

Extract

preserving
patches

scaling patches

scaling

s R Token<16K,

4R PatchF51,
> 2. ViT8| \2D-RoPE " &4#iZ

VNG FEFTRIEKEXITT

ST FmASERTR

SE @A @ https://arxiv.org/pdf/2409.12191 @) https://zhuanlan.zhihu.com/p/25267823390

Multimodal Rotary Position Embedding (M-RoPE)
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> 3. WMINEE/E: [E48Vision token + MLP Adapter

wip X wipy

ﬁx .....

SRR SR
(4f5E48)

£

. . . %
This video features a dog, specifically a Shiba ...... "%,
@88 (555 6.6,6 (7,778 8 809 9 9 00,1010 (1, 1, M(12, 12, 12) +=ene +,

‘ > 5. F—HIEHRFIMSTIEARIELE
TSR : 2fpsSAE(RE
FEABIAT SR

ESIE: BESH/920F5, £
B ERAT:

RINFER, siSARERIND PRt

e
LETNOEE= W

i‘|’ '51J | |ﬂ]_'\uw*£o

SR
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> XNEEUR > Agentigzl

The Dataset Format Example of ChatML

Visual Agent

<[im_start|>system
You are a helpful assistant.
# Actions

<[|im_start|>user
<|vision_start|>Picturel jpg<|vision_end|><|vision_start|>Picture2.jpg<|vision_end|>What do the

two pictures have in common?<|im_end|> ## You have the following actions.

<[im_start|>assistant ##th Tap

Both pictures are of SpongeBob SquarePants. <|im_end|> Tap: A gentle tap that commands, chooses, or navigates through a smartphone’s user interface.
<[im_start|>user Parameters: [{'name": "point", "description™: "The specific spot of interest on the monitor, denoted by
What is happening in the video?<|vision_start|>video.mp4<|vision_end|><im_end|> ;k;;cpt[);l:zmtu (x, y) where x and y range from 0 to 1000.", "required": True}]

<[im_start|>assistant

T ; : : 3 Home: Go to phone’s home screen. Parameters:
The protagonist in the video is frying an egg.<|im_end|> P L]

### Other Actions ...
## Continuously take action until the task is completed.
*FUNCTION*: The action to take, should be one of {Actions}.
*ARGS™: The input of the action.
> E{ﬁ *RESULT*: Action results.
*RETURN*: Reply based on action results. <[im_end|>
<|im_start|>user
Find a pizza restaurant nearby in Map. <|vision_start|>Screenshot_1.jpg<|vision_end|> <[im_end|>
<|im_start|>assistant

Referring Grounding

Several e-mails are displaying on the phone screen. To open Map, [ need go back to the home screen

<|vision_start|>Picturel.jpg<|vision_end|> and find the corresponding app icon.
<|object_ref_start|>the eyes on a giraffe<|object_ref end|><|box_start|>(176,106),(232,160) *FUNCTION*: Home *ARGS*: {}
<|box_end|> *RESULT™: <|vision_start|>Screenshot_2jpg<|vision_end|>

*RETURN*: I return to the home screen. Next, [ need to find the icon of Map and tap on it.
*FUNCTION®: Tap *ARGS*: {"point": (348,291)}

*RESULT*: <|vision_start|>Screenshot_3.jpg<|vision_end|>

*RETURN*: [Thinking for the next action.]

[Other subsequent actions.] ......

I have found the pizza restaurant nearby in Map. <[im_end|>

SE @A @ https://arxiv.org/pdf/2409.12191 @) https://zhuanlan.zhihu.com/p/25267823390
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Picture 1 is an image from a blog

RIS o [ i

and videos here.

Gl e G Gmsin i e iss e
a0 I e fae TS TRE (06 0
OF O O OE OBl oW On bR oW

‘ Qwen2.5 LM Decoder

COOCICOCCIE  seesee T [Teee [ JE eeooee I woooee OO0 00000
2 L ] L ! V) | S H H
fmagme:end videnaitrers:| 11427 tokens | T hokent" "T125 fokens ' 644 /1288 /2576 tokens 1" | B onimeaefone,
Picture 1 Picture 2 Picture 3 Video 1 H 4l- ‘:
1
| FFN with SwiGLU ] |
. e ' H
[ Vision Encoder —i FIPE E
i orm ;
I Native Resolution Input ' Ex]
H Full Attention !
9% Sampled MRoPE Time IDs: (0 15) / (0 5 10 15) / (0 2 4 6 9 11 13 15) E E
_( e Height: X [F-oma e’ ) i
i 54 28 Align with|Absolute Time
m n I Width: 224 0.5/ps / 1¢ps / 2Fps | Dynamic FPS sampling
: ﬁrggjawg : Picture 2 MRoPETime 105 0 123 4567891011 1213 14 15 e
/ . (Token per second: 2) |- T >|
i (LS eues) o Absolute Hime: 0.0y 0.5 105 1.542.08 258 300 3.9 401 4.5 5,00 5.5 6.0s .58 704 754 .04 = =
@ X F Owents £ 7 Fue FFN with SwiGLU '
1
.
RMSNorm !
esceee

Window Aftention
RMSNorm E
i
I

Height:|
8204

Width: 644

widih: 1260 ' e 0 Mememe—eeeeeeedeeeec—eaoa
Peture .
Video 1 - = (i)

{3 Qwen2.5-VL

Width: 1092

Picture 1 Window partition

SENEL: @ https://arxiv.org/pdf/2502.13923
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> BlEOEs
FREXAREEONEESEEDITE,
AN—REFEENA.

> ISR
IEZRERRS R —USTRBEA LB E NI A R SRAF SRR B F5,  HEEEHA
REEENEREA.

> EYIAYEREIRIST M-RoPE RYlE)4E
FEAESR "WMFES" (UERE, BEmETY I aRERE
i8S ZEM-RoPERS (T E 1T S hEtE k%,
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Bill&5=

RLHF

jmmmm - POST-TRAINING PROCESS - - - - - - - .
(" PRE-TRAINED ) | , = w === ~ | (  POST-TRAINED ) Reward
i) B B SUPERVISED PREFERENCE ALIGNMENT | | | ODEL (ALIGNED) model
'|  FINE-TUNING (SFT) (RLHF / DPO / ...) !
I can talk! 1 [ | follow instructions
(but vaguely) : Helpful, Harmful or : & understand rules.
7 ] response. incorrect. 1 T. I
1 @ 1 1 —Oo— R
F i .'_ ~——

= -@'

S Agent a

i
i . t - -
: Preferred Rejected | | Training _—
humbs U humbs Down
s : (Thumbs Up) (Thumbs Down) : & Helpful data Prommni 7.‘-0(0) Con ‘
| 7 1 Learning from Learning human 1  Honest ‘ '
9 vaguely) ! L examples... preferences & rules. : ¥/ Harmless y
o ' ) \ 01 = 0, + aVeJ(my)
1. SFT (Supervised Fine-Tuning / $5E4{iE) RS R AES

ENEIE—FEBELSHIEZE. REXMESEEIZISMKRHNEZT B, ROEREHE:
« EEEE (Agent) : HHARERIEG (WIESEL)

« 15 (Environment) : EEEAZERIIERS

o A% (State) : REER—MZIFMAUER

o EE (Action) : BEAEEMAT FIHITHNITA

o #RF (Reward) : REWEMENIRNRIFEES, 1ESEMUCKEE

SREFITE, BUFIMREREEE", MREEIT HE+RH " HZIHE, SRIESFIIRE. EBER
IRAYES.

- iBiE: "IRIRIRAYE, FLicHER. 7

« Baln: AXEGERESFSRERN "IHE-FX" X, BEREEFEGRT (XX
]K) .

- = BE. B RE. REERENRS, RERRHMEFSSERIU (k0 JSSON
. FLERAE) .

- Hdnfh: SHRBSLERESE. RERERE R REME, FAAE ArA” '
—BBRRNENEE, SZHSEE (D) ;| MELRWMARIREE/SHEERKFES
FERIE.
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X1 2ARESE
RO EIT DB EF

[RIGBISFTHERY, FEFALE
ActorATHR¥ZEET

Reference
Model

Reward

Model

Lo Value
l Model
X1 2EMERLINS |

AR B th 3k 2Actor
XN BEEEE— SR
i FEAtokentT 2 B9 #I

LOUP(g) = E [mm ( ((0)A;, clip(r(6),1 —€,1+ e)zzit)]

> ﬂ/\\\

TEREEZERS: SERINENMEREREFS,
2\ 1J||€§\1‘)32T FRE: PPO JTHBSEMREBUHK, Reward Model B3 TR S
Scaling [AJf&, BREERIBETIMESEIEELSEKX,

R : FEMELEMEUE (Rollout) , RN AIEEFER,

ZHM
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l. Actor (EEFHSE)

< i I, XMERIEDIS. FECEFSRIITHVIRMEEL,
- {15 hEREREEREE.

Il. Reference Model &8R! ((FESH)

« 8 SFT SAYREIIEENEI,
- {15 EFSEITS, TRIEAYR. ERZIRE Actor:  RAIATES
EREFEAESEEN, FERBAT (TEKLEE) .

DHELEE,

Ill. Reward Model 3FH&EE! (FESH)

o — R4 EEEES SFTIIEMTa0EE (Ekan Llama-3-8B-Instruct 2 Qwen3-14B-
Instruct) 3EX,

- AR KFEAERITFHFISEA.

o (15 BEMIE, ERARE, RE5% Actor iILEGESRT, BABRE— I RESH
(tkan 8.0 4) .

IV. Critic iFHI{ER (EFSE)

« —fgAt4: # Reward Model —#f, BFEHER Actor BFEY Transformer BHRAY
(Ekan Actor 2 7B, Critic BEHR 7B) .
« HWEERIAARRE: Critic AR ZAMETERENAAR, BRISEEEIHE[Batch_Size,
Seq_Len, 1], L2 Actor F9E—"tokenBFEEF— 1A%,
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DPO

£ RLHF 1, FRAD)IZRAE T NBERESEANER, BB KL BEARERERERESERT Tref (B
SFT #&8Y) Kiz:
max Equ.o'\m;(o‘q) [T(O} Q)] 7 .BDKL {Wﬁ’(m)Hﬁnf(‘q)]

)

XE—MNEEIMFZARMMIEE. ¥ EATLGER, STESATHRMEL r(0,9) , LABRRMHSHkR

-

(Optimal Policy) ™ B— /1 EX#:

7 (o) = s (ol exp (5r0.0))

et

X

Hrp Z(g) BIA—@RETF, NS8A ¢ B%,
PANERE]: RMAREBST, AXRESERBomEE RN EHER.

Update weights
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chosen score

} R chosen score
‘policy = =
rejected score rejected score

T
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Tejerence
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=
Ref Model
——» chosen score
! R g chosen score
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PPO EIHIZRAVER I, M DPO EIAIE(RAVEUE ke
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GRPO
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JRIEHISFTIREY, FAREALE
ActorATR8FET

Reference
Model

Reward
Model

Value
Model

!

BREEEG—SHEE
tH R BtokentT 53 B9 #

G
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PPO (Proximal Policy

Optimization)
ERIEREA NS B, LU
BANE RS H D

On-policy &%)

41 EERRIERY. {{EER
(Critic). 3ZFHEE (RM). SFT
SEER,

FERMEE GRS HEV RN 5

ﬁo

RE. haairMilgz AR
1RE, BRERIRITEL.

RiE. 8% ERTEMERN
RRhEE, BAEERAIT AR
.

B#, B, ZHMIREHEE
K, MARHERS.

FERATHIRFRE. ERK
IRitgERBRDE.

DPO (Direct Preference

Optimization)

BEERM R EER I —
TREEK, FEREHER.

Off-policy fRIFE>] (BT 5
%)

29 HERRIER, SFT &8
ﬁgo

FERMMBRFHIE o

BiE. TRAOUSERE, 5
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=

Fo

GRPO (Group Relative Policy

Optimization)

B LA E BUAER G IR SR A A
%, MiMES R EH.

On-policy 32 {t.F>]

3 (ER): WERE. RERHAR
A, SFT &E1RE, EM{EREL

FERRBIRRIGELE HBISER (RTLL
).
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