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A - A = | KT Q

Attention Matrix

o | 2 Self-attention AY input,Self-attention A input 2—HEAYvector, i XHE vector HE{ErEE
B9 column,f#i 2 |

o XA input £BIFEE=/MERE W WE W V488 QK V

o X=/MEREETE Q kL KHY transpose, 152 A IXANERE, A BRI RAT RS fi—Leah iR 185 A’
BRERHRRAISIEXA A’ I Attention Matrix, HEREQIEREEEE N T 5ZAttentionkiscore

o ABETRIME A Bk L V5152 0,0 Fi Self-attention iX/" layer I, ERVERTITE
REb, tEFERIEE0

FTLA Self-attention IAZ I #IHZ O MR AR EAZN attention {E2HSE Self-attention layer
EEE—EESHNSHHRRE W WEFBRIWY e, REW I W BRIV SR 2T EEIII
YEAERIE B HRN

{EREMHRIEEN B RANNSE BERIIANBREFH SBAEEET training data & ABXEA
R Self-attention BYE{E M | E] O FEEMT Self-attention

Multi-head Self-attention

Self-attention B—MEMEIRRZA, IUM# Multi-head Self-attention, Multi-head Self-attention, sS4 X
REERRIEEM 28

=EN 4 8m, BIEUESRM code 4 B, Multi-head Self-attention, B89 head 8% B 218 A% 2, B8R B2k
BRI IE head AYEIE XD —ra BBk 1, 2 SCRt e LA medium baseline

BFMUERBRYES ENES BELRHY head B—EAESS LLAMRENE LLARIESHHR HSLAHRS
B9 head {RRMATLASEILLESFRIGER

ERREAS LM head RPMREFBIM—1" hyperparameter, tB2{RFEZIFHT
BEMHERNSBEZSH head 1B AR LUBRIRABRIX =TS

HAEMUX A Self-attention RIBHE FAIBER q EHABXA k (EREXRZEFREERSHARMAR,
BREMARBIREN FTLAETFRAIRERE— g HIINI%ZEEZ1 q AR q ARFRHZEREX
£

FRLABRISIREES Multi-head Self-attention HIIE, (REE RN R EIR?


af://n90

i1 qi,Z k;l klz .vil v12 1 qiz k}1 k}-;z vjal vj,z

TRRINRERRLY

.
Cr b

i_ anl' .
4 (2 heads as example) .

o 4ol a e E—MNEREERI q
o HIE q R LEBHNNER DEES ¢ IR q2,33|31‘zi@_i£ﬁ AR AR AR RERIRAE RFX
N1 R 2 RER MIBIEA o FTLUHE ¢! IR ¢ RFHBE( TSR head

BAPARXNEE AREERIAREXME 2R IFEEERITAEN head SKEMFFAEIERME

BESA q BN BB k BEEREAN I v U EEHEMNM q 83 ¢ q? M k B3 k1E2 M v 185 vlv? BpE
SERREIE q 38 k1B v, 5 BISR_EFANERE BEIXANRER head BHXFEFTIE,

FBI—MIE, —HERIES
Q2T BHEEXA attention FIDEHIEHE EHMAZEIHN k2 7

qil = walgi pi
qi? = wazgi

A':x

q'! qi? kil gi2 pil pi2 g/t qu Kl )2 il i

N ‘TR E i
f T 1 t | It |
Eﬂ ki Eﬁ E{] K E"j

l
q' = wia' (2 heads as example) -

o Rkl g; 1 BhER k> & attention

o ¢;1 BER k' E attention, tBEEEEIXA dot product SAIFBEIXA attention HI54L

o SRESKIEM weighted sum HIRHE B REE v* 7,8 V! IR v/ BiF FRLUMRIE attention F9%>
#5k v>! 1B attention B9 EER v/!

o REHETRHES b

XBARATEF— head BHFEARBIM 1 head tBi—R—HRISIE

X




gl = walg

qi? = wazgi
A

gil qi? kil gi2 pil 2 gt g R gz pil pi2

N TN i

I f ! | | | 1 I 1 | [t |

Crt b

| |
q' = wia (2 heads as example) b

LA g% R k2 {4 attention, B 7 weighted sum HIBHR, 2%t v i weighted sum, SRS F3RIR
HEZ) b2

WNERIFBEZ head B 81~ head B 16 4 headﬁB&%—ﬁE’ﬂfﬁ{’EﬁBﬁiﬂ%ﬁ%ﬂﬁﬁ\ head A {EHIF,
SRESIREBBMA head HIRTR, 2/EBRIERS, INESE) b5 IR b12

REETRIRETREAIE bP! IR b2 BTk A BB — transform

|
X

i1
bt = wo b
v

R ER E— B AREE bi AEBEE T —EXR X2 Multi-head attention,—PMX A4
Self-attention F9ZEHZ

Positional Encoding

No position information in self-attention

BBHEIBRIALL REATI Self-attention A9IXA layer, BT —MEIFREENR N X NEANSME
RO

XF— Self-attention layer &, 88— input, ERHIE sequence NREIE FEREH EE2TEIR
BEXAMERN

X7 Self-attention M= (L& 1 IBAIE 2 IR(UE 3 RS 4, =L TMERN, XMMIBHEEERSLE
—iE—HE 3B q1 2R 94 R9IEE FH&EERIT, 1 IR 4 RUIEEFREERIRT.2 IR 3 IRt EE:
BE

SRR ERESLLSS BN E 2 BRI E—HEN, B EH I — MIE BT, i EE
MEEBELVRIL S EIETEEA sequence FIEBIHE, IR BEREE sequence BIREH
BRIXFEFRIT IR SE — L/, A AR ERIER N BIFREE, 25515 07, B 1EMIX AN POS

tagging BLERMARCHIEHE, tHAAIER AL R A B S LI DE AT R BA A&, FE—MaiC
EERESER I E 2R sE AT RER L RR X FRIMN BRI S IVEE R EB AN
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Each positon has a unique positional vector e’

AIRAERIZIBRIALL HEY Self-attention RUR/EEE IRARI LB AIERIE, FTLUREDE, AT LR
Self-attention FBHER IRIREEUBRIRNE — N EENEE BRI LIEMENEINMEESHE, BE
BUENEREHER XIAMERR—Uf#, positional encoding BIAA

T

IREE—MIBIRE— vector,Iffl positional vector,iXiBF e kTR, iR | KBRELUE 5—1FR
RIS A AR vector, fEE e! 2—A vector,e? E—Mvector,e'?8 E—ANvector, REIKII BEE—

MELSIFIRE Self-attention SEAIET, MREEINNR o IFEEHN L e, CRAERIEHIAAIE,
ROZRTE | XMUE

SRR/ transformer,§i Attention Is All You Need 3B paper &M@, B e IKHEIXMEF

Each column represents a
positional vector et

e —— ]

A A
XXAELEE S column FiLER— e E—MIBHE e E-AMIBHE 2 E=MIBHE
e3 LU

FTAEHMZEXOXNEE HES—ME BX M EENEIE - MIERN a L EX N REINRE=M
B a L LUt §—MIEEE— TR e REEITLE—MUERER e /RAY model LRI
AN input RRTIR, ERJLAAIEIERY input, ERMUERISHE M EE T

Hand-crafted or Learned from data

X#FFH positional vector, B2 handcrafted Y, B2 ER AR IBAIRAIX A vector BIRZIEIRE,
MBIRFEIMEEEIXA vector BIBHE REZE] 128 APFEIMTE sequence AUKE WIRE 129 EENIR

NI EREARIFE Attention Is All You Need paperf&H, B XMa, B vector 23 E—MRNIER
EER ET— MREEAsIn cos BY function FrEEER

HLFA—TEBIXEEEL, positional encoding(BPAR— /N i&fEAZTRIBIRE (R LAEHER CHFHN/5 %,
& EZ positional encoding, 2B LRIEZRIS H SR

ABABX positional encoding {RAJLABSE— T3 IX N R— M F AR AT LR FIXIA5 1T —
RXNEEFRIE arxiv LRSS ATLART LS X E LA 2 IRFTAYIE X
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Table 1. Comparing position representation methods

Methods Inductive Data-Driven  Parameter Efficient
https://arxiv.org/abs/ Sinusoidal (Vaswani et al., 2017) X v
2003.09229 Embedding (Devlin et al., 2018) X v X

Relative (Shaw et al., 2018) X s v

This paper ' v v

(a) Sinusoidal (b) Position embedding

i)
Feature dimension Feature dimension

Position
i S - §
] Position o

Feature dimension Feature dimension

(c) FLOATER (d) RNN
HEMELR 7 IREH 7, #HY positional encoding

o LHINHIX N EERER positional encoding, BRF— 1Y sin function FrE4ERY

o FRANR{RAY positional encoding {FIE positional encoding #EERIEUE, Z1E network 2Ea9—ER
9, E#% learn 13k FERKERXMEFR XN EZIMEEEN CREEEN. BEERE— row,{
F— position, ¥ ATLUXMNEXMERIFELAAY A sin function EEAERYIXANE learn HERY

o THEENEMITAIMEE LLAIRIXAX/NER RNN & H kAT, positional encording A3 RNN H3k
B9,1X7 paper fRHRAINUMEH FLOATER, 2/ MEBEFH network £ HSRAY,

RZFEEX BRI KESE positional encoding 38 B BIEA IEAFIEH—FH 5 A5IF X2 —
N EEAT PRI, FTLMRASEL &5, BB Sinusoidal BRIF fijakiEal LR #Ra A

Applications ...
Self-attention SARBERT HIIESKIRIREIXR transformer 1IXNRFG

Many applications ...

Transformer BERT

https://arxiv.org/abs/1706.03762 https://arxiv.org/abs/1810.04805

Widely used in Natural Langue Processing (NLP)! _

ABEATARBEBRLEDL, £ NLP BISUIEE— 1N ARPaAl{Et BERT,BERT #2EtHFAZ Self-attention, LA Self-
attention 7£ NLP _EEAIN A, RAZREEFAEEITFH

{8 Self-attention, REREEMTE NLP #HXMIRFA L, CEILIBERSHEAE= L,
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Self-attention for Speech

ECAmREMIE IR R /R RT AR Self-attention, NI EMIE S AAHE (REJ8ESXT Self-attention, fii—
= Z\VIN: )|

HAE—RESHNFFER—RESNS Tl —HRERE X R ErgRdEEibik,
Speech is a very long

vector sequence. 10ms

R

mE— M EEHELRAFRT 10 milisecond FHKEME FILMIRSKE 1 MEERIESINS, BlE 100
PMRET S MIERIEEINESH 500 MEET (REEH—IE R LT IEET

FrLA—ERAE S E (RERSHA B HIRHE, BRMEIXA vector B sequence BRHKE 2IFE BTN, BRETIAY
sequence, AIIAYKE, SIE R EERETE

{RIEAEE BRSKRETRIXA attention matrix BIEHER, BAY it Ecomplexity RIKERIFER

If input sequence is length L

L A

Attention
Matrix L

IHEIXA attention matrix AYREEM L LA L R inner product, BRINERIXA L BERARNE SHT
BEMRIWAREEERAINX memory, A BERIEXNMERF Tk

FTAS RUNREMIESHPRAYRH R, —EIERTEERNXA attention matrix, JRESAKR AZURIRAHAS
ZAIE B 2145, AT LAE T

EESHORHE B—B0U{ Truncated Self-attention

Attention in a range

| BN
TIL

Truncated Self-attention

Truncated Self-attention AYSEBERFLRE Bl 1S KEM Self-attention AUBHE, AR EE—EIE, FAFEAITR
QE—NMMSEERRLF

BERZNCERIZES K BN EAIRER
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BPRHERIAER SKEMESHHRIR BIFREZE — N ISCEHT AR SEVRIRIHX A
[DRRRYIRRR, PR EHRNX MIBEB T EENphoneme, X MIBEHEHNNS KIIHAZTEEE
DiE REEXOIE REAE—E BB RRIRT, HSLR A LA

FRLASNER7E( Self-attention BURHE tBiF R BV EE T —B N7 BiF BV ELL Self-attention E &
—EBNF BIFRFEEE—ICEMG XERTLNNREEANERE, X E Truncated Self-

attention,

Self-attention for Image

FBELL Self-attention AR LA#FTES/& L, Self-attention

BRZIBRIALE, B J7EHt Self-attention AYRTE FefiJERK Self-attention :EAAEER: MAZR—
vector set fIATE

—IKE A A HEEEER—MRRINEE SBEE—KE A BRI LU — M= B EEEE—1

vector Y set

An image can also be This is a vector.
considered as a vector set.

lllllll ‘T‘A

— 1 1 1 & - 171

10 /

Source of image: https://www.researchgate.net/figure/Color-image-representation-and-
RGB-matrix_figl5 282793134

XN E—MEITE 5 3.l 10 B R ABX—KE H IR, AT LABIER— tensor, X4 tensor BIK/NE 5 3
LA 10 3klA 3,3 {£3E RGB iX 3 /" channel

R LBE—MIER pixe| BIER—N=4MBE LAS— pixel HELHE— N =4RIRE FPE¥K
B R =R 5 Tl 10 MRERset

FRUARA T SErT LU — N BARIXANR PG, 2Lt 2— vector set, BEEFAEE— vector set AYIE,
{r5E2ra]LAA Self-attention SR4ME—IKE F BB B A M Self-attention SRAME—KE B, 2B

ﬂ i) Self-Attention GAN

convolution attention
map

talzeay

== @ softmax self-attention
_U 2(x) - feature maps (o)
Hj. & A

{Jo ph
L
o { https://arxiv.org/abs/1805.08318

DEtection Transformer (DETR)

encoder 3; " decoder i prediction heads |

ranst

https: ,’f‘arxworg.r’absjzms 12872

BRXINFEE T B MIF SREGAFR 2% BRUEIR Self-attention FAFER/EANE E B AEE— N EEARK
[ENES
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Self-attention v.s. CNN

HATATLASKRECER—TF, Self-attention ER CNN Z 8 B EHENERSE BRI

WRFENTSK 2 Self-attention FAIE—IKE FH AR BRIZIX N ZIREETE pixel BBEEL query,
Hifth pixel EE4E key,

[ [ [ [ [ |
" [1]0]o[o0]0]1
#lol1|o/of1]0
Hofol1Ja]o]o
T11]0jo 0N |0
#lofl1lo]o]1\o
olol1/0]1]o0

{RES KM inner product BIBHE (RE FEAVAZE—N\Ereceptive fieldAYEE, MEETKFMRAIEIT

BESKIEM CNN HIRHE, SEH— receptive field & filter, 1 neural, R%& & receptive
field SEEHEERIFT

-5 ONN: self-attention that can
1/0]0[0]0|1]| onlyattendsin a receptive field
i MR R N Y B » CNN is simplified self-attention.
Ho|o|1fa]fo]o
H 1 lololo \L 0 Self-attention: Cll\IN v?.rlth
learnable receptive field
o|1]|ofo|1\o]
Hfolol1lol1lo » Self-attention is the complex

version of CNN.

o FRLARNEREAIIELE: CNN IR Self-attention #9i%,CNN BILAB{ER—HE{LARAY Self-attention,
EEEMCNNEIRHE (IR ERE receptive field #EEAVER, MTEM Self-attention FIAHE (12
EEEOKE FRHIETLETLL CNN,EE{IRAY Self-attention

o HiEZIRALURIS R, Self-attention B—MEZLAY CNN

£ CNN @\, FAIELITE receptive field, B— neural, R & receptive field #EAVER, M
receptive field BIBEIRK I 2 ARER],

fxd Self-attention ME, B attention, XFHEXAY pixel FiiF&E receptive field EEEFEL
fY,network B RER, receptive field FIFLRIATEREF network B SiREN, LUXA pixel Ay, BB
L pixel EERNTEIEREEEAYIPL pixel XM

FRLA receptive field B9BE, ABE2A LRIE mEitN=s=B 353 HE

HESL{RATLUSE—FR paper,IYf# On the Relationship,between Self-attention and Convolutional Layers
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Self-attention

CNN

Self-attention v.s. CNN

Multi-Head Self-Attention Layer

x Al | MHSA(X)
y

= T : |
Ay | & |-v:-_| J|

A ¥ Xuohew  Filter matrices
t veitum

Attention maps for pixel g

On the Relationship between Self-Attention and
Convolutional Layers https://arxiv.org/abs/1911.03584

EiIXfs paper 8@, 2 BEFHN AR ERN SRR, ESOX ) CNNEEE Self-attention BY4§61,Self-
attention RERESEHNSE, CILMBEIIR CNN —iE—HRISS

FRLA self attention, 28 flexible B9 CNN, 1 CNN 2B RHIAY Self-attention,Self-attention REEIT

FHLOS T RER S, EMSZER CNN

CNN

X tBARRIBAY paper {RRINEREIMNEE LAIRHEITE 2 19 F89 11 B ATLMRAIEIX L 3l 15K LR
REHAYARS E LA ERATAIE N

BESASelf-attention EEER flexible, Z BiAiHHELER flexible B9 model, LLESEEEZAY data, dNR(R
data A8, 5B IHE overfitting

/N9 model, TIEEBRABIRFIRY model, EIEGTE data /Y, DRIBHR, BRETEELLIRAS overfitting ABAISR
{RIXMRFNIRAVEF, BB ERVER

WNEARSTEAARER data 2,321)I1Zx CNN R Self-attention {REFSCE] LAE RN A HAOIN S

Self-attention v.s. CNN  Good for more data

Self-attention

701Good for less data 7
CNN

—

401 e ——
ViT-L/16 - ViT-B/32 -= ResNet50x1 (BiT)
-+~ ViT-L/32 -+ ViT-b/32 -#ResNetl52x2 (BiT)

QI
<
L

Linear 5-shot ImageNet Topl [%]

10M 30M 100 M 300 M
Number of JFT pre-training samples

An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale https://arxiv.org/pdf/2010.11929:pdf



BRXNSLIRLER SRERS An image is worth 16 3felA 16 B words,iIXN2 Google B9 paper, EFLEEX
A Self-attention,apply 845 L

BRELSCIB— SR, 3FRE 16 SELA 16 4 patch, BIBE— patchiBIEHE—4 word, BE—RIKTIX
A Self-attention, Eb#EE FATE NLP BT FRLAERER, BIEE— patch ESLREE— word, FrLAEFEEY
T—"MR fancy B9 title, \Uf—3KEIR & 16 FRLA 16 PNNF

TR | 2RISR E, BBMR AR, XS Google Kk FBRY, FMBRIBRRIEN /D, B 2IRISEINERIIER)
EMXI8E 10 4 million FiZ, 1000 FiKE|, 2ERIZLLEV/INGY setting AR ERIZELER KR setting g,
B 3 {ZKBE B EXANCREE R, LU T Self-attention B2 IEEHNX—R4 IR CNN 23R REHNX &
MR BEE SR SRS, 3P Self-attention B RFRSKMIF, REESHERSHIANHER, Self-
attention TILAEEIZ CNN, (BIEEHS L RIEHER CNN BEALULL Self-attention, {SRIEIFAIZERAY

IEBHESIXEE RFATLAN CNN ER Self-attention, E{i TSR MESRINLARRRE

e Self-attention B3RV, ATLARELLRZ AIIIEREERL ISR DEIRHE Bl overfitting
e M CNN B EriN 78| 8r skl DRIRHR, L5 R EVEREF (B1)|| 3R S RIBHER, EIR BTN ENEARE
pllEansey SEEESlIaShl
FRLUX NG Self-attention ER CNN A9EKER, BB Self-attention R CNN,ELVERIF IR, BERIZ IS —MIE,
5L HRtE AT LABRA, =R Ve P4 E, AN RAREAM strong baseline AR, #itFBILA1R— MER L2
conformer, {BEFMEEAE Self-attention, B FEZ! CNN

Self-attention v.s. RNN

A 1kLb 38—, Self-attention R RNN,RNNFE recurrent neural network,iX| REEIMER A
Zl] recurrent neural network,[E& recurrent neural network FIEE, RA—ZBHEFETLAR Self-
attention SEEXT,

B2 RNN 2R B {REREE SO R R =S MIEIE EmIid & RNN IR Self-attention —#¥,
EBRELIE input 22— sequence BRI

Self-attention Recurrent Neural Network (RNN)

v W @ (@

memory | - RNN -‘U-‘ RNN -‘D-‘ RNN -‘D-‘ RNN -'lj
t t t t

o MHRE(RAY input sequence /FE— memory B3 vector
o ZREIRE— RNN B9 block,iX/™ RNN ] block I8, Bz memory i vector,iz5— input A9
vector

£ RNN ##Ee

layer B9 output
o SXFIEBITIXAN fully connected network, SATIGBEMUFIEEERY prediction

E kY sequence #EH,E A vector {EA input BYRH R, B SIBEI— M8 it HSRAV RS, A~ —

RIEE=A vector FERAVBHR (RIBE = vector BRATI—METEIRAYHIL, —EEZE3# RNN, BELEHRYR
i ARESI AR

H, B8 fully connected network A9 layer, i XN rE RNN
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Recurrent Neural NetworkiR Self-attention fISIBEESLEIERE R, ©1187 input EBE—* vector
sequence

Self-attention Recurrent Neural Network (RNN)

uRW @ @ @

memory | - RNN -’U-’ RNN -'Ij-' RNN -'Ij-' RNN ‘[D]
t t t
hard to ‘ ‘
consider L -
1

i 0 0

Self-attention

t t t
easy to
consider ‘
Self-attention output 54— vector sequence, i XEBEAIE— vector EFEE T E/ input
sequence LA B4 fully connected network K42

BB RNN I8, EtE£ output BoM—E% vector,iXB4M—HE vector th&44,fully connected network fii—
IR BB Self-attention IR RNN BHEERER

BN FE RS WAIARE (R g5, XIBRIE— vector, EERE R 7 EA input B9 sequence,
RNN &— vector, REE T IEOERHANR vector, Bi& B [EAILAY vector, BX E— MRIFAIME

{82 RNN HSEthaJLARFEAY, FTLAGISRIR RNN FERERT RNN A9IE, BSEIXBAYE— ™ hidden AY
output,B— memory B9 output ESCHAILABIERE S 7" input BY sequence

BRERIZFEAE RNN Y output, iR Self-attention AY output 2RMITELAYE FERFE bidirectional B9
RNN, I ARBE—LE5IH

o X3 RNN ki, [RIREAIDXNEER vector, BE ERDANXMAN, BFE L REIL R ADHIEN
F1E memory 1EHE, ARG FREAREB R, — KT RIRAIL B ERE— M B R EE R

e {BXY Self-attention B IX MM, B REXIDHH— query XIBHEH— key, REEA]
match 15#23R, RIEELL B ARRTLANIEEITRAY vector £ sequence FIEFEITAY vector, B 5 iHb
HHEVET FFLUXE RNN R Self-attention,— NA—#ERGE7S

EEBI—TEEENARR RNN SREGERIRHE, input —HE sequence,output —HE sequence BY
AHE RNN 2igBMEFTHRY
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Transformers are RNNs: Fast Autoregressive Transformers with Linear
Attention https://arxiv.org/abs/2006.16236

RNN B4 input —HER vector,output F9h—HF vector B9BHE, BiRB DN E IR, IRBEDEFITAE
BFFERY output

{8 Self-attention —MUE, R ERTLATREFRBRYE L, /RSX input —HE vector,/ output 1IXPI4H
vector FUBTIR IXIY4 vector B F{TEEMN, AFAFEF A EERAIERMEHELE output AIXA
vector #2EHRY output X4 vector sequence #E,F— vector EBERATEE M

FrLAEIZ & E |, Self-attention 2H, RNN AR

MRS R EI RSRISI FREREEIE RNN RYZRH, ZihPERE Self-attention RISRIAT WNR(FBEEH
—ETHERNN IR Self-attention RIXKERANE ARETLAE FEXRXE, Transformers are RNNs 2H&H
IF{Rig, Self-attention {RINLE T ERALIS ESLEHMAER T RNN, KILX BAZRIARY paper, XA
EEF/RBME arxiv £

FTAS RARIER R —LARFTHIRAFURER BB RNN BIBRS e, Bl X IRMASIRE RIZIRXS RNN B2
AOIE A TR —I TR ZBIRY_ERREZ, BB RNN AUERSD, BRI —IRARHE AL BB T AR
Z5,RNN Ig RA3HRI R, EBEIRIAIIE YouTube L

To learn more about RNN ......

https://youtu.be/xCGidAeyS4M https://youtu.be/ljy6ERObHV8
(in Mandarin) (in English)

Self-attention for Graph

Graph tBE[LAB{ERE—1 vector, BRANERE—HE vector, FiAJLAFR Self-attention SELME FRLA Self-
attention tBEJLAFB7E Graph B2 LTS Self-attention, AAEGraph EERIAHE BRI
R,
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Attention Matrix
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Consider edge: only attention
8| @ 0
to connected nodes

This is one type of Graph Neural Network (GNN).

£ Graph E£E, 85— node AILIFRTRE—NAE EFRRE node AIER,IEE edge RO, Ff IRHER
£ node Z B2 BEIZERY, BFLEML node 2B KEXRY

ROENEmL I Ea 28 X5 B2 BIE I 11T Self-attention BIRHE FMBHIXEELER network HX
H3kpy (BE2MIERIAB T Graph AN BT edge AYEH, BPXEREHIFRATEE TN R ALK,
XA E LR edge BEMER T Hii] node IR node Z[ARYEERTE

FRIAS R E{TIE Self-attention, FBTE Graph EHEARIAHR (RE— MERRIRTEMIX N Attention Matrix it
BHRTR AR LARHEE edge 1BiERY node ERLF

ZHSRREXME L, node 1 iR node 8 BHEE IPEAIIRFEITHE node 1 iR node 8, X NNEIZEZEIAY
attention B9%L 30 1 IR 6 #8iE FRLARE 1 iR 6 2|8, FEITE attention B995%,1 IR 5 BHEIE IR
B 118 5 FEITE attention fY55L,2 IR 3 BEEFRLIRE 2 IR 3 FEITE attention B EL LULLSEHE

BRANERF node Z R EHEIE BRELSLEB RIS EA ], IXF/ node ZEiR B XZ BRIRISEHXIE,
HMAEEBEITHER attention score, EIFIEEIRA 0 FilF T

E&1X Graph FEEABIRIEFEL domain knowledge EH3EAY,BE domain knowledge &iFFA]
B IXAENE 2RI Z BB KK KBV EBRNSEEFZIXUES

HSCHFA 18 Self-attention IREREA NIXIDHANXFFIR S, FBFE Graph EHEAIEHE HLHE—F Graph
Neural Network, gt 2—F GNN

BBFANE GNN IIEHE— MR fancy B E BBEAS1 Self-attention SEEEIE T FiG GNN A9%Fh
.7 ABIB Self-attention F37E Graph L, 22— Graph Neural Network, BRiXia0e,—#H
I EDEMR 7, GNN XA RRFRN XK 2RR B — T B B _EiRAvES

* To learn more about GNN ...

https://youtu.be/eybCCtNKwzA https://youtu.be/MSht8vsVEWS
{(in Mandarin) {(in Mandarin)

AHEE T HR=A\ET, 723 Graph Neural Network, T BESOA S B if 58, LS IFIRIEX A Graph Neural
Network, iB2BIEERIIFA, XK B ERR IPXAERHK IS RX—ERT LUHIRN S, iF

More
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HsESelf-attention AIEAFA ST, IRETLAE—S paper Ifi,Long Range Arena AEELLE T 5Ff
ERY Self-attention HYZSF

To Learn More ... i Big Bird
5 @Transmrmer
’ ) Synthesizer

uE; 52 Linformer Performer

A (D Reformer Sinkhorn ®

< 50 Linear Transformer

5
Long Range Arena: A i

. w L | Attenti

Benchmark for Efficient . T el
Transformers I
https://arxiv.org/abs/2011.04006 i sr‘,‘;“ed g;;oamméosu per ;i:c) it i

Efficient Transformers: A Survey
https://arxiv.org/abs/2009.06732

FA Self-attention BRANEEHE CRIESEEIEE A FRLUEERF/D Self-attention fNZEE 2
— N REER, T LERXNE, ZMPEEHE Self-attention B9

Self-attention &RBE FBfE Transformer LE,FFILRZ A Transformer B9BH® ESLEBHIRH 22X
Self-attention, G AltS XA Transformer EEIEEE Self-attention, BRETLAG R Z R ZHERY, Self-
attention FYZSFZERX A, BROY MR EE former, bR Linformer Performer Reformer 45, filA
Self-attention BYZSHZ, BITEERAUfK xxformer

BBEILIEE, FAARCEEINEE TUBRESAEEIN xxformer, EMRERE SRR

Transformer R, {B2RAVEEGRAFHE performance &
XMMHCERR performance FRLABI 11EFLLESRAY Transformer,performance Z—/= (E2RESLY
L3P

ABRUEEAEEAERY Self-attention, A BEBEEAI SR AT IXAPAR—MEFAAFAYEIE ANSRIRS Self-
attention EZH—CHHFANE AREATLIE — T Efficient Transformers: A Survey iXf& paper ZHRIR
1RNB, B EHE Self-attention HIZERY,
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