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Survey on Multimodal Information Extraction Research

WANG Yong-Sheng, LI Pei-Feng, WANG Zhong-Qing, ZHU Qiao-Ming

(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Multimodal information extraction is a task to extract structured knowledge from unstructured or semi-structured multimodal
data (such as text and images). It includes multimodal named entity recognition, multimodal relation extraction, and multimodal event
extraction. This study analyzes multimodal information extraction tasks and summarizes the common part of the above three subtasks, i.e.,
a multimodal representation and fusion module. Moreover, it sorts out the commonly used datasets and mainstream research methods of
the above three subtasks. Finally, it outlines research trends in multimodal information extraction and analyzes the existing problems and
challenges in this field to provide a reference for future research.

Key words: multimodal information extraction (MIE); multimodal named entity recognition (MNER); multimodal entity relation extraction
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PAVERE AN ZHEE B LM SRS, GREJNSCFE B DRI R0 & S50 E T — s,
JEH AR B A AT AR (0 X AN ) IR PRos R R, I A SR AL A AR I N B AR DSCAR . B S S 2 B
e B G RoR. 5 E I (information extraction) B 7E M H 2815 T SCAS H 3l I H 47 78 SE /A (entity). R FR
(relation) FIFEAF (event) 55 5, FENAMA VKGR NE B3N8 SRHURIE M. Horh, #5888 SR 230
TR BLEHFIR T RIS 1 T5 A AN AR USSR IR I 28 AT 1] VG A3 S5 RE a1 R IR B AT i M PR SCAR B L, 1%
SRR T SO SR RS TG B DR B PR AR (W1 AR R IR TR G b B A S Sk o8 RANFAH iR R 5F). —
Tl T v A LE AR R PR A N\ S 389 00 5 SCAS AR DG IR A S S R, I TAT S 38 SCA 1R SRR, SN ERI B T 2 s 107
ORI A B R MERE. X B ARG AL B A 2 S HUE (B S SO R EHER ) R IS M4 AR )
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2 BB oo e b g e

(LSRR ARG BMBUL S, BT, B 2 B0 4 193Z 20 FF R GPU (graphics processing unit) 577 1)K
g5 T, ZHAE B MRS L8N B /18 S 42 (natural language processing, NLP) A3k H— /N 57 % i 5 Z A 7T
J7IA.

HT iR 5, A % AL HEE B H (multimodal information extraction, MIE). 2 #2854 SEAA R 1)
(multimodal named entity recognition, MNER). 25 54A 9 Al HL (multimodal entity relation extraction, MERE)
2R F I (multimodal event extraction, MEE) 43 Uk & WFE 1 ETH AN N E M BRE S A, A
TR Z BAARSURT Ay By C KE NS0 S P B A 4B TG SCRIE 51 R B0 S0, R E R R B
1) 2 BLASAS BBV D8 300 AR AR A FAT S HE 0, HEF oA an ] 1 Bas. I 1 /T LR e 2 0056(E BHEUT
25 R R I (35, 2 A D445 T 2020 4E i JG 4R i, Bl 5 0 703 2 ILHLE IR E A ZHEEE
FEAT 55 = BRI L AR SR HPTE 2 18 iy 48 SR TR RD 22 15 SO0 RAMEUT 55 b, FHARAE ST (2 s
PEIESS ) IR AL T 0 R R B H AT, 2R T A AR AT (n 22 A A5 o W ORI b 1 2% P25y O 2 R 4
R, T A AE B EUL B Z A0 R LR TAE. B, A SN NLP (14 FEX 225 B BT T 408 25 9
ST HAZTE MRS, NG S AR S %, S TIAE TR BERTER A MU B FIERS b, A0 i 2 8S
F B R A,

18 35t
}2: 30 b
i 12 [ = oo
10 + 20 |
ﬁg R I
i 10}
41
L 5k
(2]. | | | | III 0 I
A R T s MNER MEE MERE
O AR NN DR DD DR DY
PP PR PP APAPAP AP AP
AR FAL%
(a) W FC AR (b) FALS 54

K1 2RSS B IR SR R AR5 00 A

1 ZRFERMEES

2B AE B BUE 55 A& 48 ARG AL B S5 AL I 2 B K (B8 SCARM R SE) haR R M AL AR, %
55 2 SR B A B Bl 1) B A 55 1 AT 55, BRIz, B s 1 AT RAE H, B LA 2007 SR A S St 2 RS
5 ST ST, B2 )T A B A T 550 DL AR R R A 3 S 2% A, 1207 R A 45 21 2 9 1) 5% B 3
2017 4F, &7 [ R 5 A8 A0 B, 1 52 Zhang %5 N PHR HE I P45 EORSR T SOAR S i A e 8 DA I
Lu % A\ VR I I P15 ROk o iy 4 SRR (K PR R LB, 1985 T HLAS % 51 LA IR BE 5 ST SRR I PRIEUR Ji2,
W T ATA B 2 1) TR RER IR SCARFAE AN B RFALE. LA 4 0R R5 285 1] A0S 5 A R i AL, RS0 508 55 I e
B I T AR SRR A S SR Y, g A S R N W RRE R s B BB R . B TR L LA R P LAY
SRR, A R R s O RIS U VR VAR AR R . R RS B — D R . BT, BR U
TR B 1 2 B BAREEAFAE DU ARTE AR B 5585 2, SR T /MR A I i L e b2 ST i 1
R B, BT A IR 2 S BR 4R . Selt MIRHIERR R 7 i DL R 8 i 15 S, 22 A5 S U 55 (1
WFFCIAS T Rt

MHFTEN B ARG, ZHEE BIIBUES — B & 2R A 4 SR . 2RSSR S UM 2SS
WEETAESS. AR GHESE BIR 3 N TAESS I, BF & TR I E BRI bR E .
11 B BEEIR5]

iy 44 SRR A iRt SCAS R AT R 5 RO S, A IR e SEAR LTS RE U SE AR (44 34



IR SRS GMBAR i 3

U4 FfE. B MR E o LA BT IERr 28 0 BAR i 4 SRR BT 55 8 R 2 B 48 1 O 4 IUS T 3K
I U ELE R SOAR 18 LA A 2L P IR SR SR A AE Bk T B 2 7 8 SCAR [0 i 44 SR VR S ABE R AR X )
“I love Alibaba” " [fj““Alibaba”#& —/> N i 2 A 7 LA FR, (H R ARYE SCAS BB 1 6] R 7T LLIR 28 5 #1 7“Alibaba”
M N4, HSEARZEA g Person”.

z T love Alibaba.

<3,3,Person> Alibaba

2 MNER 1%

MNER & 7E 18 5\ 0 51N -5 SCAAH G A A BAE 9 SCRFS HIAM 7R, AT 2 i SCAR S A4 1R 1 1 12 .
MNER # Z #(E BABUES h — D EER TS, EFk5HE TS F N8 2 08E. 8%, ¥ MNER & XN
—ANFFHIRREARE S G5E SUARFFHS = (wi,wayeoow, ), IR IBERIEL R 75 M = {p\, pa, ..., p,) FITRSETE L SEARSE
BT, MNER 8V = 08K < B E ot >, B AN =0 HEBA S — ANk e ME B, K, w, R8T
pi R CARMBERIE R E, e[ln], E,e[l,n], BRI RTE e TR BRI MR BRG] e T RN
SR e SRS AI PO &) 2 Sy MNER f—MFEHS.

1.2 BIESSEAERIMEL

i 44 SEVR IR AT 45 240, BAR e ok SR BT 25 76 K 2 308 4 B IR 1 ekl U0, (RS S04 B
W R > SEAAR 1) 5% R AT SRAFTEBRAR. Wil 3 Fiom: 4 AN 48 i SCAR T 51 “Tobey doesn’t like eating with Leonardo.”,
F TS SR S R A BB A] B84 “Tobey” Fll“Leonardo” B 5% 2 R N “family”, M5 25 5244k 5 2 Sl B A 25 SR
B T AR R ST AR H B R A R (R S, 4B XA IR A S 15 i “Tobey” fll“Leonardo”f1 R R N

“colleague”.

Tobey doesn’t like eating with Leonardo.

% <colleague, Tobey, Leonardo>

3 MERE 1%

MERE" 2 F57E4 N3 5T B BB, SECCA R A2k 2 [ HE U R, A E— NP < e1,e0,8, M >
TS E LSRR RIS R, MERE [ HFR R T LAE e, Fl e, ZIBHIRFR r. KA, S = (wi,wy,w,),
M =Py, Pas e Pu} 53 IR & SR T HIFIBE SR 751, re R B 3 9 MERE (£ 1) — 491
1.3 BESEAHEL

SCAR A EUT S5 2 Tt AR A AL TR AR TR 55 SCA T B BAm R 7B SE I S AR5 B IR L M f
A IR P Bk, R m SRR G A . SRR R R, AR LR A . F R
B[R R T i 22 Bk, a0l 4 B a0 BN 25 %€ SCASF 71 “Ford was in his rush to confront members in Toronto”, H1
AR, R SCHZ AEE SO AR Y “confront” A “ BU iE SE < 2 I R, SRS SURTRE T R AN [F] B 32



RVALAFR 7T, A EF I SRR, HA2, 456 ORI BE AT B A BB 2 SO A< E il A
A SRS R, AR S HI W ST g “confront™ < TT 2 ) 8.

Ford was in his rush to confront
members in Toronto.

Meet Event

Trigger: confront
Entity:  Ford, members
Place: Toronto

K4 MEE{£%

Z A F A EL MEE FI5E SUN: 458 SCRFA S = (wi,wy, .y w,} FUSCA BB B R T30 M = {p1, pay s P} »
HAR A — AN ZBEFHMR LS V = v, v, .0, FI— DN EZREEFMHRITCES A= a0, a,...,a,) . FHF, T
By, ATRIRAY = (g, p)) , g T p 78 MRS R R AN B AR K, y, R FAE v AR 5 g Ml p A
AR, RN R S RO SCAR AR [ [F] — 0, B, & SO F N — A 2B F M (multimodal event); # R
TEAE g, W5E SUZFE N SCAR FAE (text-only event); &5 RAFLE p, WE Li%d4F B Fr 2 4F (image-only event).
FHRLHE, BB TG a; TR N a = (ya, {u,0)) , Fo u RIRSURSTLAE, o Kon B 7 i B AR 5244 (— AT AETE R
FFAR ), v, RN TT a ITE SURA G, 25 B S SR A48 ) 5 — S, WS HEA TR S e — A 2
AFLEL G (multimodal argument); 75 M, 23 FF 2R EATX R 8 76 1 B 4 9 MEE AT45 (11— MBI,
1.4 ENIERR

B0 2 S BT S, BEERVERE MY E ZEVRA Fa A5 45 IERi2E (accuracy, Acc). #ERfiZE (precision, Pre).

1% (recall, Rec) LA K F1AE . TE#3 FR 78 TN 45 L o i 000 IE A (O RE AR o7 B AR 1 LA, B
TP+TN

Acc = (1)
TP+FP+TN+FN

Horh, TP Rk TE BTN (B REAKCRE, TN 270 ST S BRSO, FP 2670 ST A TF f b
ARHR, FN o T A R A
T AR A o T U g T PR A KO o AT A T4 T 0 B A0 0 LA, -
Pre = %J @

A 8] R RN WG LA T IE I A 1E RS |5 A Bl N IE AR AR E I LL ), Bl
TP
“TP+FN

FUAR NG 2%5 FEHERA 26 R0 7 B 26 J ) e, B
2Pre X Rec
=5 @
re + Rec

—RUEBLN, FUE AT AW B BTN 2R E BB A R 5, AR & i i 2 R E
BAEH F1AERVPO PR BER I 55

2 SIESFRAME

TEZ BB MIAT S, SRR H2 BB RO IR —. 2RIl A & SURRFAE
TR RN . SCARFIE AR SR A0 T 4 BUOSC A A RESRAS B ) SCACRFALE, P R A 2 5 SR 2 i ]
Fi A REFRAT A ) R k. A A Al o RV I O 5 SRS 2 > (B ) IS HHIE R RS O8 | A RS HFIE
RIR, RSl E R TE QT 1 AR (U P ) SR SR SCAR (78 SCRR ARG B4 OB M e AT i A2

Rec

3




BASAE BHE) 3 NTFESITILE M2 AR (B8 SURFHER R FHER R ) FI 2 8BSl & 1X AN J7 T gk
AT 53HT.
2.1 MAPHERN (FREFRIFER)

SCARFAIE RN I H AL 5 3 T B AR M 4% B 777 (convolutional neural network, CNN).  FE T~ {F PR 5 [ 2% [
J71% (recurrent neural network, RNN). & T8 AK 7 #7577 (syntax dependency tree) DA K 3T Transformer
Ymhith i i) 7772 (bidirectional encoder representations from Transformers, BERT) £, F T~ R 48 0 2% 1) J7 v 0T LASR
HUEAR] (BRA) 10 )5 BB 285 R RRAIE ; TR 42 P 45 1) 7 VA BRI SR BOSC AR P58, 2 TR ARAF AR 1) 7 v ]
DU A A Z% (15 L3RR ; BERT J5i AT DUE S0 3R SCAR BSOS B BT R 1 SCARSFE R 7R 7 7200 8 s AN [, /]
REXTBEN )T I BARA AR M, A1 EEESE FR ) LR AN R RRIE R V2 R 43 #T.

o JL T CNN (73, B, 52T CNN 19535 3= Bk 57 A8 G A B AT, 3 AF SR AW A 223 20 %
5] NSCAR AR P, e n A AR SR AR 3R ) T K SR SRR AL, 1R B SR A R i S TR B (. KR
FIZEEE BMBUES T, BRSSP AL M EERIET W%, &% AP 5%, 05 KREFRIA (out-of-
vocabulary, OOV) DA M AN IE # Y K /N B 4545 1, Chen 48 N PI5] N 7455 2465 (character-level, BVK 47 & B — A
75 I 44 B v RS AR T AU TG R, SRS A CNN SR SE T 155 (19 R AIE ) 2. 3l i 1% 77 6 ] DA IR
B AR S R (AT R SR LK SR G ARAL), B R AE P S IR . OOV BLRAS IR ) K/ Sy
U)LY,

o JLT RNN (75, BAR IR 75 ik 7 B 0 35 B 3R o SRR AIE B4 55 3R I £, R 180 1 07 VR T 3K 50
AR A B, I, Lu 2 A M5 A%F RNN ) LSTM (long short-term memory) H4wA% AL, K LSTM (1)
it 77 2T DL IR A1) 7 P BBUF A5 S Ak, LSTM Ji 3 51 N T 14538 W] LAGR A 5 o U ANV FEE Y 2 ) R (R B
FE R R R RE 2 BT AE B, B EE i MR TSRS 05 Bk B 2 i MR AL Z BTG B, BESAH i MAZ G
B1E B K, Wu 28 A\ Mg XA LSTM (bi-directional long short-term memory, Bi-LSTM) K45 ST AHSAE, Hofy,
Br—ANATFT LSTM Al—/JE [ LSTM, $450Ui LSTM 7461t 245 51— SRR AE R [hy, ] 8 — 250, 9 T )
B4 3 T B RS LA S SCAA BLRFE, Moon 25 A M Bi-LSTM J7 4453 2 (i 2 M AR IER R 53T CNN
AR B FRF BRHE R R PHEAE — 249 B i ] [ R K.

o T Transformer £ fidh s 1) 77 3%, Bl 5 TN ZRE R B RS & e, AR 225 JFH U6 BERT SRAEHUCA ST
AEPO, U] S BT o IE S 58 SCAR (K AR L R0 45 SR B R IR R AR T “[CLS]FI“[SEP]”, SR J5 44 V8 IR e b
105 SO B BERT mfS a5, Hir 45 B SCARFIER 7R . BERT MAETRIZM B D&% T B T KE AR,
A DUE SO 3R SO R SUE B, Bk, 25T BERT W5 EAE & F TS 56 5 H BRI X PP SCARFHER R
JFEAE NLP #AT 55 32 B B2,

|
N O T T mmmmTmTmL L mmmm T
BERT encoder
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[CLS] Kevin Durant enters Jordan [SEP]

Textual input

B 5 CAYIDEE BERT H— M) 20



o ST RIAMRAFM I 70, BEXT R A 5 (NSRRI, Li 55 N U2 T B R KA ) 7 AR SCA RS AE.
EHE TR A5 DL BRI D7 U B, W (BRIRT) P37 R R Sk, SR I IA TR Se i Z 18] (R 2. %53
AL SRR BERGE 3 IR AT IRJ2 I T8 SCAH, RE NS 5 BRI B G st PR 1) 18 S i S A SO AE
FORINERIL SR LR 1.

R B PSCARRFALR IR 5 MU = L

SRR T e . SR B SR

AR
. YA A BT R IR R, 7 (4 . S,
ETCNNTT %k B2 N (] R RS BIEER ETXEE SCHR9,24]
serraN s 08P RIEERARIRER et sk 0csoA™, it
3 ¥ TransformerZii i ¥ g e TR e A R SCAR A B ] UMT-BERT-CRF!,
77k AT RO AR B SRR R e ITA®", MAF'™®
T ORI R, BRSBTS ooy spo

AL S]] AR ) 48

2.2 BER$HERT

LA B BUE S8 2 H B R 5 BRI SRR L3RR, DOA I 5 S HEUER Y B 1. 487, A
[E)RLEE 1) B REAIE R 7 T RS ST B8 SCHG 5 A A [R] sz el S A 7 32 0@ CNIN (19 77 92 LS 18] 5 R R
B | 4AIE (image feature), {E2 B A A A 4R HUA 820 X $80% BEAR SO 75 B, DU D7 WU RFIE R RE & 51N
Pl v 7 i L TE VR SR L R v % SR 2 TRV 26 2. o o MG o3 1R B I S 5 AR T e, TR R D40 N X A
FEIEZRIR (regional area). &1 H AR T HIZI H AR SEAR FIRFIER R (object-level feature) LA K5 T IE B 17
1% (situation graph) ) 3 i Bl B 4 A4 A AR R AR SR IR 7 VA AR 4l B 1

o HPURFIER R F I BB N CNN I 13 BB (AR HE R R, 1238 R 7 i R (1 4R 2. Lu 8 AW
¥ B B ResNet 1, 285 W A4 2 00T — 250 A& J5 — /NG FR 2 i  2 15 284N R RRIER R
A 7x7 A X AR R 7R, SR )5 K F [RIRE Rl & SR 20 K45 2 (0 8 Fh 81 R fiE 5 SCARRHIER &, e Rl &
Jei B 22 BUSFRAE S NAT 5558 vh . 8 1L /E Snap Captions A Twitter 4045 45 b A S236: 28 0 5 Rl & X 45 1 P AR i 38
AR LG, Bl G B EIRIE 2R 7R AR 1 BB 22 T R I i DR 7E il & B IR R AR R, SIN T B A AR DG M 5 45

o XIHHIE R R, Lu 25 N WISz 4 2 1 4 PRFIE R 28 5 BN 5 SUARAS G AT 75 {5 U2, S X S A 7Y
Wk RE. R, A 3 E SR U R RRAERT, B SR BN 8 7RI 23 s T X3k, R 5 B0 S04 5 1 e X3 ] 2 AT Y
TR R HEAT FRABL107213:24.20.282932 53] g R W b 2 AE i A B T SIS VR B ML) SR S SCA SR A X R, L b
ARFHI XA B o, Moon 25 A M Fl GoogLeNet 2214 [ f Ji — AN Bk 2 SR 387 B R AIE ;A 2 2k
16 J VGGNet ({1555 — AN AL JZ 15 1] 7x7 A XIS FAE 71524 ghdh, 3847 55y % # {3 ResNet e — 5
FUZF 3] 7x7 A X I P i 002523251,

o BT HFR LR RIFRHER . RIS XARHE R s 7] AE — B FRRE sk s | (B R AE 4 BE =35 5] Hh ) 2y
9T DI R REAE (Y [F] B, AT R et B R vh B 1 AN A BARSEARY) 70 JF, B8 1 B AR SEAR I BAA TR UE . itk
A, ARYEAS R BT 34T X 3Kl o3 PT RE S AR BV BE G AN RIS . S T 8 Lo 1, 382 2% R A E dnka
T A H P P REAE T, AR B R v 6 B R R (X3, 2t E R B R E R 7R (object-level feature)™' 327,
WIE 6 fion: F 48 5 B A B NE) B A7 T B (in MASK RCNN), #ir Hi B R i skl GE# H bR LR AN B b
ST N2, F5e RS2 AR S0 B R 1 B AR S8 5. 07V B Ak s — D7 T, FERL G I, WIE I B g
TR &S B AR SEAR I FR 2515 210 B R 1058 UG R, IXFER0R R R Wi ) SC AR 25 (8], BTS20 SCACREAE 1) 0
GEIETE; S — 5T, X R H R R RHE T S SO SR HEAT R AR T, X 2 RS A LSS B AT A AR .
Horb, ZH0T /R R B BAE A H bR TR A3 3] H AR R T2 g — 2 i, Wang 25 A PTIE R 3 ANMHEIT %
(B bRASIN s B 40 AR AN 22 2R ) K B 20 i AR B 3 AN SCARREIE R R, SR JE AR B 3 AN SUARRHIER R



B B — A R W B S A A A AR R . e Ah, 32 Li 2 A PYE &, MRC (machine reading compre-
hension) %88 5E A1 5 BARAE 7, I, Jia 22 A 5] N MRC HEZE, & S6 NN SCARSTAR 0T 1 & A E R,
SR G R T 45 B B AL 2 A T2 AF 2 A o Top-k Mk B ARKFAE. TR SCAR SRS BN B ) A i 40
FRER TR, AT SR [15], BLALAS B ME L B FRRRIE QL 5 5 2 1 5E 58 iR,

Visual object
embedding

Person:
0.999
Trophy:
0.997 ™
Tie:
0.980

B 6 HEKIT HE MASK RCNN fi—ANFe4] 2

o BT B RHIE R R . Bk B R AR IR TR AE SR U0 A B A R0 55 187 SAE 55 I o b MR RE R I LT
ERX T Z RS F IS B AT 5, W0 RS R iR B E S H A RTa S 2 k5, 5 TS E 7] F R
TR R H ) B RR S DL R SR 2 B 1) 90 B/, 6 T B B b A B A I s AR 15 B, DAL, A L AR R T H
A R 7 A 15 S R N B B AR Y, S, i 2 NI 2 R VGG-160 Tt P v i A Se A1y
ik 18 e, K H MLP (multi-layer perceptron) i — A2l 17] 4 i A BT & SR 1K 42 17 g fid, 28 5 83 4% imSitu £
a5 B T B 1A AN 4 3], 6 B G D R4 TR AR AT 42K, SR AR A A TR ARSI AL, AR JE T R s ik
FAHE T A B 3T B AR SER M5/ . Zheng %5 A\ BUHR FIRABL AR REAG T 45 M 1R, e it 3R 7 iR AT
SRR AR TR ERE. IR &R I T RHIE R R TV LR S LR IR 2 iR,

Mask RCNN

Input image

Guiding object

H0 R PR AR T AR B L
W R T for B g*ﬁﬂﬁﬁ%ﬁm
T ;gﬁ@’* MO RAE B, WWRRL e g X st o S A S A e SR
oty B AR IR R E R RS S, AW i HEE M<K UMTBERT-CRF™,
PANALAAS o T SR 75 e S FTFCRRAR MAF®2

ST ERS IR AT LU E NSRRI 57 B F RS BN, DR g x At
T 1S, AR o FbR e 2 oI ’
ST SRR R E A D RS O T, B R R IR o
(EFT ZHMER, NS A% fodiE ’

23 HIRGSHE

LS KRR R A th o 2 S A R IRy — B ZRUERL S RIRH 2 MRS IE R R A o —
AN ZRSRHIER IR, 16 2B B IUT 55 0 00 A2 e, SR AN 5 S B8 A 2 7 A G 1 0000 &5 SR i 75 1) 43
BB R, T B HARZ A RRAE T kAW ABE MEARE R, v LR TR T 45 5 F0RS B DL A2 (1 &4
Pk O8I B I R A Y B e A B A R I R M D B s e, AR IX R A 7 VA T B 5 SE BN, (HR R
S H R T P A (R (28 BT 70 S EUT S B P M REAR THAE A PR, L2 A 1R THIAUR, BRI, Z 0778
B SRAE Sy 2 AR B 0 v, H AT R IR A TAE R IR I B T & 48 [ 7 VR R SE I B A A A, R 2
FHB MG 2 RS RE . 2T R 2 RS RA DR ST 2 BES T 2R B 2 s fl s 7 2L

o FISCRHEPHE I Z AR A . 3BT RO &SRR R 7R 7 78 1] 43 50l 45 B SCAR R AE R s AN B 7 IR IE R R,
— R 52 FR B A& 7 T R B B 0 T VR R RR R R R B AT LA, 7RI SOk R, 2 5O
I B R R G B SRR, FRK % 2 RS RHIEAS B 10 45 TR N A ik B . 5 AR, Al
S5 1 22 AR AR AR T AE — 58 R E B SR SO i 2 () 1A 28 EL D 2 | T 1 2B 0 v 7 A B S B, SRR 8 i & 0 X



8 BB oo e b g e

FEE S A B EA RS, #E1 S8 PSRRI L, 2SR R VERER A IR, B R bR g
T BRI 10T,

o BT ER IR TIENSIN Z RS RE. A T &ME R BN 2 ARG 7 LS M E R BEA TR
Gl L, — S T U o R AR AR T AR ML, el (R AR B G (4 L T B R,
Lu 25 A IR H T 36T 005 2 7 B 2878 A L@ 3 SCA 5] S ML A2 2 ok phe s B rh IR — B [X 358 5 5T
AR b, A8 ABRY AT S 2 A A 0 B X, (L SRR AT SR AN R T SCAS R LS 1] 5y B ARG, [A B, Zhang 28 AT
IR T BIE N ILE R SI M (adaptive co-attention network), 2k &2 i B Fr 51 5 [ SCAE 5 1ok W g SeA
MR 3] 25 5 PR A L, e AR A T R SCAR TR 7 0 R R [R) B 2 8] (38 U L. A, Tong 25 A U736
TIERE SN T DG 2 #5455 DRMM (dual recurrent multimodal model). %A A& N A4S B W E IE
HJJBLL ADA (alternating dual attention), 51~ ADA A5 Py 538 ik v 2 S WL 20 Jall 5 SCA AT ) B 64T 5E8T, Jaid
N A~ ADA BRAWIEAR I 77 Ao B SCBRAS AT AR E 22 B, S 2453 3B Fr FISCAR RS S5 1 2 RS RHE.

AR F AR Rl SRS, AR5 O E 2 MO 4 RS TR b B OV B, MM S PR R B SOR
HH DR 0 B ot B, AN e B AL R Rk SR A S5 A Y (R P BE AR T A PR, O T &R L I R, A L4 e
B IHURI_E NI T4 (gate) MUK SIS Bl & SCASRFIERT P ARRAE, B2 Rl A (et R A LAE e A E sk ] (4792420323940]
Hh, Chen % N\ PR —ANJET Transformer 2844 1) 73 2L 5 BT 22 Rl & R % HVPNeT (hierarchical visual prefix
fusion network), 24 B A& A& I, K T ZR5E 5 ResNet 15 2143 )2 BB HFAE 7 ) k& 2 Transformer % JZ /1,
BAKAYE: Transformer FANZ 18IS —ANERE JEYORRE, H&A M4 2 2 A Fl -G I i 3h A8 T T pL| R i
AL, Wang 28 A B — B 4114k Transformer 122 <V E R /12, JE-T AMEBAIIRSE HY 8 SR S M 25V E B JJHESE (refined
multimodal attention). & 5GIEIT SN AIASRY JETE S SEAR S BIARZE 1, H i Ik 1 8 AR AR 28 SR AR AT 55 1) 2
ZERHE, AR5 X SEREAE ) 2 35 1 o3 Bk 3 A B AR AN VR B D A, X R AT A A LB TR S 5 AT 45 v B AR
RAHREAE, [FB L SE Pl T RS (AR UT A HL.

3 5 2 S S SO R A BN BT SR SRR R ), R TS A L, TR, Arshad 2N PYE G
i R PO NI SRR R, SRR B ORI AN AR 5 SARER ). Wu S P FE
FIANB S9E B ST G A8 B I B IR (dense co-attention). Yu 25 A POH & FR1H: Transformer J2 FEEHEZS
EENRE T N2 Transformer HE4E (unified multimodal Transformer, UMT). 38 bk J7 i v S 5
A N EBRIBLES [R] 52 L, A1 IS S Rl & B8 A 40

o BT EIBIA ) Z A A&, X T Bl B T 2 0 ML (R A 7, B T 7R B 2R I R 8 B
A H LA — 5 195 R HEE R R AT AR . Zhang 25 N UE 2 BEAS A S ACRUAIMT 45 TR H 1 3 RO 1 2 4
BRLE T Hoh, SCRTAR (3035 B A A i H bR S2E) 16 AR A 171 2, SCARSEAE (8BS B R H AR SE 1)
Z AN PR3 9 22 DA R SCAR S ARV i v 1) R SR 2 1] (9 130 5% AR D SIS TRY (g, et PR ASE 2RY (1 1000 2%/ i
TEHR ST 2 RS 1R SOE HL. B, S 7 4R RIS 1B R SCOR AR, W FE N SURAT AT A RIS 115 s et
HLZS NI (intra-modal edge) ¥EHE; RN, 24 T SRBLAS (0] 19 5 &, FF 70 RAGCH 40 RO w8 o i) A~ H
PRS2 5 SCAC R 1) 44 18] JE TR A7 AR RN DG R, TR % H bR ST 20 50 B[ SCAR SR T 5 (TR ) B RS
(B B3 (inter-modal edge) 4% 75 U, 8 I ABEZS 8] (104 1% B bR L4619 555 BTA SR SR AU, @i Bk J7iE
R T — A SE R B SY, RIS SEEL T BEAS WARBLAS I A2 B, Bl ik, RARTEREAS W (B o T BRSOk
R, BB Z A, AT R IR 9 B, Zhao %5 N P Sl it LR AN B AR A A S SR Z R R R B AR
LB HF ) B AR SERSETY, WA H bR Sefk 2 [ i sk, B0, PIAS BARSER 2 (AN &+, SR )5 il B e
EIR (image-caption) FEHLIG B Fr i ] B I SCAHIR, LI SCAR 2 18] PRI ABARLRE SR 8 373U AR P &% S 22 T 1) 5%
R, GBI IR Ty i G B S T RS (R AR P O AS L. A, Zheng 25 N BB T —ANE T XUEIR 5F
) 22 B S FH 22 X 25 7772 MEGA (multimodal neural network with efficient graph alignment). 1% 7775 1 5g il i (K A
T EFITN SR 3 s BRI 43 3l #4938 S AR R 7 RN ) e 3R [, 8 e T0T 5% T 925 43 i) I R AL B A SUAH



ALLPE R ST I RN SCAS 22 [ P 5 ZR AR, S ARE ) B Ak T DR 81 P o 1 H A S 5 SO R SR AR SR, A7
SCAS R Fr 22 )45 21 IR ) A L

o BT ZBESTN AR M 2 B E. BB X2 i 2 SIS HOR A PR A RE, WF 754 Tl i K 4L
35 P LAY R — AN SR 43 2838 P04, 1293 S 0% PIKE 22 RS 0 4 43 DA A R 1 I SO A A A O 1 P S s,
FH IR 1A B ST K S N ) S 2t 1) 2 BEAS B AL vy, ASHH R I it A\ e ik ) SRS Bt b IR RT5E S LR T T ML
HALE, BRI BEAS 23— 2B 5Tt

RS R G T AL R BN 3 TR,

R3 ARG THEI PR L

Rl 5 1 =y /9= 2 B AR B Ak ) A MY
SRR 2 ATFE— B AR LN SO A Bi-LSTM-CRF + Global Image Vector', Bi-

BSOS [ A2 AN AR 7

ARl BRI 2 TR B, B S LSTM-CRF + Bi-CharLSTM + Inception'”
EFIEROIN T AU SOGE AR R BTG PO o g o
Ul B RS  BEHES JF AR e 2 UMT-BERT-CRF™, XR[7], RIVA

e g o PTESRIOT IR LR LA R R 4

TR R e R R IR R AL, M UMGE', MEGAP", R-GCN (wio Gate)"™
SRG Rt HR) FLA e 51 A

e T M g s it v RpBERT™. SCiik[41]

3 RIS AR

3.1 ERRES

N T HE) 2 B i 4 SRR AT S5 1 K FE, Zhang 25 AUV Jeil@ it Twitter APTUREE T 2014-2015 4[] )
2650 73 F&HERFEHE, S8 5 b A I R R Al S S DA B ANt I (AR A, DK O S LR 430 U7 S HdE.
T IX S S 5 A N IR R AT 9B AR O, S T FRAR AR, W FE N SR — 25 AT 0 B3 R BE LI X 5 77 %6 HE
B, E e HEP A ARTE N RS A BIO J7 ik Pk S H AT ARV, FRvE SR 344 Person. Location.
Organization 1 Misc iX 4 28, 4 7 — B2 m AR E 0 F &, 5 CoNLL-2003 #2500, B 78 N 52 FR- IS S
ER RS AR, H token I /INT 3 DUSARMEBAR LS SUAI AT, S5-3I 2116 44 F1 7 KA 1K) 8257
AT, SR EECA 12800.

[Fl4E, Lu 2 N Wil Twitter APTIREE T 2016-2017 4E [H] LLiz )Rl 4k 58 74y 3 7 ) 22 REAS HE R 204 . A
Twitter2015 2818, ZEHEE H 3 LA FR1EA B 28 F BIO J7vESppbRye, IR A5 4 Fhde 2 STk, 4
9N Person. Location. Organization fil Misc. A T RIEEIE AR & &, R AE S B BRI, JEER
TR IR RS — M FAEEGS; B, BT 5 2B, MEEYLUEBLH—kE . R&153
MRS 7181 MT, PG 16 4 token.

BB SR (4] BRI/ Bl B F P B, %3 B TN, RIS A T X 40 SCHk [7] FOCHR [4)]
o AN AR B, Yu % N PO — D B AN SR B, 4 3 i 44 3 AN R B Twitter2015 AT Twitter2017.
T R R BRI BRSO B T Twitter APT URHETF 2, Twitter2017 H Twitter2015 IR/,
FEA 25 b, AN S5 AT TS A, Twitter2017 80k i) 18 2 A4 22 1) 32 8. Twitter2015 1 Twitter2017 Stit{5 S 4
4 fw, b, SRERPE AN AR AE 1 SOTA T RESKIR T STk [43].

A, Lu 2 N MBS H T B SCHOR 4 Snapehat; Ji 25 A MR T TS0 2 BSR4 CMNER; Wang %5 A R
T — AN 1) 2 S A 4 SEARIR I /E 45 FMNERG (fine-grained multimodal named entity recognition and
grounding), JF4& H T E AT IZAT 55 A5 Twitter-FMNERG; Sui 25 A "R H T80 8 b SCSCARIE ¥ (1 2 B 4L
% CNERTA. H T /5 820 7048 F IX S Sl S 3 b, A SCAERANE T



10 BRAP AR Hrr e B o G w Sl

%4 Twitter2015 1 Twitter2017 Z 115 5

s Twitter2015 Twitter2017
ST Train Dev Test Train Dev Test
Person 2217 552 1816 2943 626 621
Location 2091 522 1697 731 173 178
Organization 928 247 839 1674 375 395
Misc 940 225 726 701 150 157
HA G b TR I 6176 1546 5078 6049 1324 1351
pAEE ORI 4000 1000 3257 3373 723 723
Hm R 3L ST I e Y K
B S A 2018 2018
SOTAERE (F1MH) (%) 76.79 89.584!
SRR (S H )P https://github.com/jefferyYu/UMT

32 ERFERLE

BT X NER AT45 15 1530 0 A0 B 25T RUU AR R 7. B2 T it Las 2 S B 7 v AN B IR B 2 S R 7 vk,
W T DU RS 1) 5 2 AEAE RN o 5 AR v« R0 D0 T ¥k 0 1) A R DA B i T SR T L 38 22 I IR 5 VAR
R T LRI AR BR RO R, AT M 7 VB A i I 5, 2 TR BE 2 I I 77 ik O J5 i L K 3R 7
%, MNER £ 5522 7E 2019 EIE 25 K LR 1, DA VR FE 2 S) o fif v MINER (£ %5 1) 23 7. AT 3 B ge4t
X MNER AT-45 IR BE 52 2] ik R e iR, Bt i HESE R 24y NI T R FIARIE 7% JE T B8 By R 1 LA &
FET ORI B AR O i IX 3 2K
3.2.1 FEFFFIIRE (token-based) 117772

BT P ARSI 107722 MNER AR5 I R TiE 2 —, %R E— B R 3 AN P N i RER 2
Z B MIL R FARREE SR, b, 38 1 2% A @) MERE R, 5 2 2% N 2 BUSFHE, 4/
RNN. CNN #1 Transformer S48 W £ 5 R 26 53 il S IO ASRRE AT P R-AIE, SR 5 K H & Fh Rl SRS K SCARHIE
R RHIE R GO 2 A RHIE; S5 — 2 M2, i\ 2 BZS R 2R 2 B0 AT 3145 548 55 0T R 73 2505 %%, i
i/ L CRF (conditional random field) &4 W.. H I #) E 7 TAE—MKH Deep Learning+CRF FHLAY 2544 (RITE
RIZARE P4 JG 4N CRF J2). £ %7 MNER AF45 BIUERBE % 2] ik R B A I T B M B i TR INLHE)
JEREE T 2 BAS TR SR BY 1 5 R 5

o JLT B 1) T iE

X ) T4t b #5144 1) 4 0 X 4 T DL 6N 10 R R B R AR ) DA RGBS N TRI PRI DR R, Dl
B SCARPFFAEAT B R RRAE SR B AR T T 2 Rl SRR 1) 2 B S 0 2 2 T AU PR R ) S s P B —, TR, 3
SESRAN WA 2 2 4R 3T TR 45 # ( J7 VE SR MINER 45 1> erh, Zhang 2 N R T — A2 S E
fil& 7772 UMGF (unified multi-modal graph fusion), B JGidid B8 ) A5 mUR RSB SCARFIE 15 &, 3
I AT AU TR R R E A R TE SR &R, ARl S 2 M ET BRI 2 AR & 2, BRI
AT TR A B MBS =) %7 s AR R, il B PR R — N TSN 2 SRR, RAKZZ SRR
N 3% CRF 73 3|92 br%. Zhao 25 N P — B AIb BRI 45 44, 32 H T R-GCN (relation-enhanced graph
convolutional network), FH [FIBLZS [A] (¥ 37 s AN P2 A, TR I B R b B bR S i) 2 B B i) s 3 P8 719 i
Z AR 2R, e BB SO AR b il AR 2 T PR ARABL B SR S 7 SO s [l B &R, 4R 5 i I Transformer J2 HI B
B IHLH 43 50 B B AR A ) SCA R AE B R AE, B @i B89 B 1 )2 (cross-attention Transformer) 5 2405
AT HE R BN AN ZRERR, A% HERRTIN CRF E LI S48,

o JLTVER LI E

2017 4F, B AR T Transformer BB MR T SCILIFAT U, HOAFVE R 45 M B RE W R 126 T CNN 5
VEAELE B T0 A 3R TR B RSt 1) 1) R, 2R 22 0 O 5 E B AN TR AR 55 rh R IR €. [RI U, 0 A RN M A 2 ik


https://github.com/jefferyYu/UMT
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F Transformer [{I7E R FJHLHIHE H#5Fh A (ROR 42 5 MNER fE45 L (f P gE 1722428404798 Hodn | Zhang %5 A U7
LSTM M 4% Z 5 CRF JZZ AN —A B & B 3HyF 50 M 45 158 (adaptive co-attention network). #5728 o i ] Fr i
B TBEHAT LT TN SRAH 3R ¢ 5 R) 25K 1) B9 i AH DG 0 B X3, SCARYAE T J oA U AT DA - TR0 SR e 3R 5
1 Bt ) 25K 1 B0 ] S5 R S P B At B T] . 2SS A T PR B 4 AR T A i MERE R I, [RI4E, Lu 26 N YIUZE LSTM
2% |2 2 BN NAI B 7 7= FI5EER (visual attention model). ZA% R AT DLHE A A w5 4\ SCAR SR 22 i XA A ks
AE, 2 B [ A R A L, SRS B I RS R 1] (visual modulation gate) 5l 25 Hi Rl G SC AL AN [X 35 & F 454,
Fe A0 T A BR 46 Twitter E B EUS T ARHE M RER L. Arshad 5 A PY5ET £ 4533 7% ) (multi-dimensional
attention)" i H T — AN T [7] B SRS pA) i A S 2 PO i B AR, S SRS P AR 22 TR 5 4
B, SR E A E A B E B AR LT S B o & X 5 4G DA SRHE, B IRELH T 5 SO A ORI X
FRRAE. 83 1207 VAR I DX I P RAE 5 SCAHE G FE B R, X F1EEG R TR T 2.22%. Chen %5 A PI7E L
BT FEA bk — P d b, I TINAN AR 2R A B BB MR AR, AR5 X LA AN R R RE (Y D7 VR A B
SCAHEAE, B RES B — DR TE. Wang S N R T — AT 2SR MHES MoRe (multi-modal
retrieval based framework), 75 555 T 4E 5 1 Bl (Wikipedia) 57 —AN1HZE (knowledge corpus), 2R J& Fll F SCAKG 2%
A B SR R TR SR A DG I BLE, P GRS 2R S R R A B d A o0 JR A IR PR SR B T AR R AR B SO K B E
AR, B LUK PR 2 A 3 45 SR 20 AR 2k T SOA ke AR BRI T 8 ks AR AL (% N, i3 MOE (mixture of
experts) FHR A AR FINE R A1, IG5\ CRF JZ M . 51 A5 &0~ 1 47 Ab A2 T e Y 343t
HEZAEL, AR R AR5 N, SRR, X 8071500 F1R BE 1A g DL Bk 2R 4% 1 R 0T Bk
.

BAR BIR DTV & PRl G SR AR T T MNER PERE, {H2 R 8 SR R ) B AR S 5 SO SR 1R B
KA. Ak, Chen %5 A U4t — /N6 Transformer 4244 (153 J2 405 BT 2% il &5 4% HVPNeT, %08 [F] 2% 58 1 &
AR AT o ) B AR SEARRIE; BEARRHIE T DARIA T R MR, B AR STARRHE T L 50 245 AR, 1
R e o PR R 2 R M T A6 4 00 AT 480K 51 5 SCARRRAE F R i IE R B b4k, Wu 5 A PR H OCSGA
(object embeddings+textual representations+self-attention+guide-attention) F%, ¥ 55i@ it B ARG 75 2B A4 % H
FR SRR LR SCAS KRR, FEE 12 b5 25 4 Tl Jsd R S AR (R4 4 B2 FRVRRAIE 1] 12, 2R 5 25 T %6 FE 3LV E = /1 )2 (dense co-
attention module) ¥ 25 SCAAH I 1) B 1 H FREFAE, Had 8B AAH G B REAE, Fe 20 Rl G 5 AFIERI N CRF
JER B SRS,

R BidJrkisid 5N B G BABERE 7 SRR A, (H 2R PR 3 ek 5 B i )
H AR XS B, S B0 B3 SR LR b i IR ) SCAS S AR T 2 R R A B SCAR SR AR, B R R S AR i e 22
(visual bias). Jy T Z5fif b3k 8, Yu %5 A\ P9E Transformer JEffi b ik — 25 5 A\ JE T4l ST A 40 BB, 38 5k 1246 B
B — DA AR B 51 A B B it TR R U, 207373 AIAE PR AN R & Twitter2015 I Twitter2017 424 1
PIAN SR T2 4 JI I BE LR, SR8 2 B AR 5 IX AN R R AT T L. Wang 25 N P73 F Transformer $2H 1 ITA
(image-text alignment) HEZE, 25 (& B SC AR R X T MNER T 45 S M K, Bk, @il 3 AN BT 551 B A it
BISCAZEA], R 5 5 JE U ZESE, 1N Transformer 4ifid)= M, IXAE I I Ab R4 B SRR R AT e — B A — 15
AN, e 0A T CRF 29285 2. Lu 2 N " H—ANET Transformer [ i 7 2 A5 Al A HE 4L FMIT (flat
multi-modal interaction transformer), 201 7 Fizr. & 26 R FH &) 7 A 5 44 1) 18 38 AT DR SR i 2k &R, AR5
Ve B AN SCAR B A0 B 1 U AR B M N G — W) SR AR 2 ), F vt — PR AR W AL B 4 5 SR VT Transformer 2 (1)
ANFREZS. oAb, 38 5] N —> Tl SR ML il AT 5%, 4l id CRF J2 SISk o0 25, il Bl 77 m 4%
FEANL L Al 22 7 R, 7E Twitter2015 A1 Twitter2017 35U T BT AR RER BN,

IREE TR I TR SRS T I B SRR AR SS I SR B, 2 BSOS B/ A B S S A
SCRETEAHICES, 2T B AU B4R S G, SIS SCARRH I A 15 B2 g e 1k, 22
SRR B VT, 10 Vempala %5 A\ PG5 7R 33.8% AU SCAEAE B SCAAR SR8 # ARSI 0. 36T DL R
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A, Xu 25 A PSR — AN TLER S 5EHE 42 MAF (matching and alignment framework). i%AHE 424,85 — ANt 5548 (cross-
modal alignment) F1—AMULECAR B (cross-modal matching). 38k X 55 A5 A4 75 PSS HRFAE 7R R AT BE— 2, il
Tob D PC AR et 5 B SRR SR e s 2 ) T 1 DR B A A X A TREERTE AR R AR R 28R T 45 58 B SO A 6
HAITA] A, TRt 38 T RS (R 50k [4,26] WDV, SRS I T4 HLH] (gate mechanism) SRBHASFR
B LT (P RS R ROR, SRS I 2 S RHIES N CRF ZE 133 sk 42K,

General words . -
. Visual representation
(miscellaneous, person,

location, organization)
v —

Entity boundary detection

| Linear & CRF |
Add & Norm |

\ FFN \

Visual
grounding —,_
toolkit
T ResNet

Noun phrases v
(Julia Child, Taj

. . Add & Norm |
Mabhal, sunset) Dimension <
T alignment
| Self-attention |

Stanford
parser X X, X3 || X, Xs || X6 || %9 Xy

X T

d
4
Relative position
metrics

—

Flat lattice structure

Word representation

7 FMIT HEZE P 1

o LT RIS T S B 1) 7 7%

fiti 5 2 WA I G AL (U1 CLIP (contrastive language-image pre-training) 1 VL-BERT (vision-and-language
BERT)) [ HR&E K& e, 3T 2 BEAS T 2R AL 1 3 oty B3 (end to end) )77 VEBR SR B 52 B A 578 35 A1 1 A XKW, 31 4
K, AW 28 K 1% 250715 B B MNER AT 45 1 B2 BURIET Transformer 7732 PO OB T O PEBE, (H 2
B3t FH RS B AT o 22% SR AT LA Sk (1) MNER A 8 IE iR 51, (ER TR e i 19 S04 NER B8 )
ASRERE IERTR; HEAh, 12% RS TT AAEAN SCA T NER #2284 EIEARIR A, {2 HANREAE i e ik Y MNER B2 |
P, IR G5BT MNER B MR S T SCA NER BB, 22008 A2, Xu 2658 A R 1 se 56 T omAk 22 ST HE
BN GE— Ay 288, %5028 CLIPPPAI MLP (multilayer perceptron) P &5 7 4H B, 383 70 2 dKt & S A 55 B Hcdis
Rl o3 B 2 RS BB SR, A G BISCBAR T R AR B SORZS, 46 F R4 B iSO 28, SR 5 BRI S 2 i g
A\ MNER BRI FIGT B[ SCAZS NER B, f5 J5 A PR 070 45 RAE i A 45 R SeBu g SR I 2 A e R L &:
LRHRTE . Sun 25 N P2 S i A 3 24 W B0 30T - 27 26 T 9k 2 51 BRSO 22 VR 9 2R, DA R — AN T LA Ui I S
RASREARM Zor 28, BB LE RAE AT 1 B0 — AR U 1B B R e BEN T —2 1
ME-1E T B SCBER, SR 58I ISR AN TS5 (BSO8R TINAT B SCERm Ty 15 20— AN T 2 S Fl
SRR 1 777 RIVA (relation inference and visual attention), T2 7EMIREE L, K RIVA %5 H % A\ 3] Bi-LSTM-
CRF HEZL M H5244 32K, Sun 25 N P —ANE T B S RAEHR I BERT 2514457 RpBERT (relation-propagation-
based BERT), ¥ Jifid M3 1 = TN 2552 VL-BERT 1S 5B fh 2 B4 AR IE R, BIEE KIS — 4
HHR (TER— 250 2588 SR I SO R 98 B2 AR 9%, AR5 FE3d I 5 2R AL B L1 45 31 (4 HE R 0 2R R 48 o 1]
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FAE B IR, ULEL A 5 I 2 B E R R VB8 RpBERT HIHA 731, S8 IR TR S (B30 R4 351
T35 A4E4% 19 MNER) 753 — 3 B3 (A8 RpBERT. HH T iR 5 T 2B T SR 20 i1 5 A Y gt A e
OB ESCRREN—NTAESS, F, 5T MNER {145, A 75 2% 8 B 3000 R 72 75 UG A7 100, 3 s 21 v 1)
TiEJ S E SR T MK IR,

AR, IR 2B TR SRR T K 2 RS B R 5 KB SR, AR O IR, L 2N 3T
ChatGPT 1N AR ZE e 7 W B BAE HEZSE PGIM (prompting ChatGPT in MNER). 1% HEZR 1 2 MR FH 3R i
BRI ChatGPT AR R4 Bl B 4000 B AR, S8 J5 1 05 TR SCAR PRz, PG I I S 4k SR\ B T IS B 1S B 4 oy
28 ZJTE TR ChatGPT 58 A B sUAIHEEE, £ ITE Twitter2015 F1 Twitter2017 _FHUAS T 80T (1 1 8. BEAL,
5 R BTSN U2 Xt N FEAR SR HR T — il A 22 S R 1) i 42 S AR R R, i B 22 B B AR L A4 B

5 R, F ORISR %7 E R A 3 AL Bk, 2RSS BRI B R A T SO E R
IS E BN RS SRJE, b R SRR R A T R P S B, SRR R R S (R AR R 0 B B, FE
TSR IR R S a3 RN RS 43 B RN, A B AR T 41 H R R e e b T B A S B R AR K R PR AR A 41 3
Hi.

322 FETFEEAE 4 (span-based) [ 757k
EF%F MNER 1145, 7225 AN — AP IR AT 55, (R X i A TERERT SR S0 A v

AV B AN 256 53 A1 K V8 1 S T BT A T e [X 3 B B R 246 R Ok, % i ) R OR e 42 ) 4 6 iR AT 432 129, B
A7 R A A B TR R AL B AT B 79 A3 T POE (product of experts) (i )& il & 77 5.

o JETVE R ML BT RlA 2

Yamada %5 A POLE T S208 R LTS R4y 0TI AE NER (145 EIsR 354 /). b8 R, Tia %5 A\ Pl it it
SRS 4 TN S5 FAT 55 3 HH 2 T D 52 B @ ) MNER £ (MRC-MNER). & il i 2% ST g — A X 3830
B BN (visual grounding model), 3 T4 2 5 B AR R Top-k MXIBE A E R, A FEIE AR
HAEHOAN ST R A2 B ARSI ST A b, B R 3 N TAT S (WLBE XSO EE VAl . SEAARAE TR MR AS I AN SE
5 B2 73 JE T ) BBk A Il 2k MRC-MNER #2784ty MRC HESL 5 IR ) 22 i e ik T S 41638 23 e B0 45 2., Kk, MRC-
MNER BERY I8 5 1 RR AT (R AR AL h B B v SR 3R, AN IR AW 50U W] REAAE UK R B 22 5. Wang
25 N CUFESE IR T AR B, B Jef NER AT 55 2587 R 8 A 13 52 1Ak B J3E () F 4 R 65 o7 B 2% 51 DA S B T 43 T
FAPRBEIZRE— NPT S, RE TR H — AL T Transformer [5Gk 7775 CAT-MNER. iZAE 22 14 5 2 B i SeA
BEAT Rl A 0 22 Skvds B 3 T 23 DA S5 P FU T 7, 5 AR AU A LL, CAT-MINER 25 4 AH G 1 B2 HL 5 TSR3,

o J:T POE W5 Rl & /1%

IR TR DA BB 7 AR AR MNER AF 4%, H 2t T KRR 22 B35 B0 B A7 E AR v A = S5 A, AR
e, 2 B BT FE M B TR SR TR R BTG, Zhou 25 N PYR T B5 I 23548 7 B TS 4 SMVAE
(span-based multimodal variational auto encoder) R f# R MNER 4% 1% 7775 8 56 FH AN 2243 H s 85 7 1) i Ast
B VB AE AT R IR AN A (5 FE /K T-322 718 (span-level token), 48 )5 51 A POE SRRl & B F il LR RAC AR R
N, AT IS Rl G S BRI SR TIUI A 5% SCAS T I FE IR BR A5, IR 1R 46 Ak 2 W AR P S0 ABE 26 A1 22 BEASRRAE SR B
R NFFAE R IR, R NS AR 25 5 2 RS R 2 [A) (A S, Jded i g 3 mT DA FH SRbrid 2 BEAS B il
FHAS B k3 M MNER {145 1014 Rg.

3.2.3 BT KBLR B E AR RN 1%

Bt 1 5 BT N 22 B2 KRR A A e B HH, 23 AT T DA B B0 R SR A pRAT 45 O R 7). Horb, Li 2%
NI B T A SR B S HERE Y VanillaGPT. PromptGPT (N=1) F PromptGPT (N=10). VanillaGPT #
BUE el W R e o B R - BT, SR G B S R SR A — il W A GPT-3.5-Turbo B A Sk, 5
VanillaGPT 1 8 R [&] # 2, PromptGPT (N=1) F1 PromptGPT (N=10) #i B[4 T FBEHE FH XA, B FREHENT
WTHI SRR, AR AR F R A 2 LR AR TR I 25 52, X B N RO A B R S04 ST 45 Top-N AMAHAUR:



14 RAFF AR SR g K o e il

. Chen %5 N\ Pk 71 F GPT-3.5-Turbo ELH:4E B4 4b, K1 A T 90 20t (¥ GPT-4, Jlid 4 A B R A SCAR 1
BB A SR, AR Ay 408 GPT4. 35ANE T B BB AR BN 7 iR AE B 48 Twitter2015 A Twitter2017
FIRBLUIEE 5 F13K 6 Fin, BARE A GPT-3.5-Turbo B3 F S5t GPT-4 4% I SRAE RS R E HE, (HEA S H
MBI (U R BRI Y AL, R (F1AE) @A R W, Rk, 34555 ]R8 2 Sti@id ChatGPT B¢
& GPT-4 SREVAMERAIR, SR 51 SRS /M0 AR 5 SR OSC AR B TR B F (5 R G 9B &5 A 5 S BN B T s
B4 (U CRF), e &S24,

F 5 SRR IR AR Twitter2015 _EAIPERELEEL (%)
FTA 2554 (Overall)

B Jiik; TR

Pre Rec F1
UMGF™ 74.49 75.21 74.85
BT RS TRS R-GCN™ 73.95 76.18 75.00
R-GCN (w/o Gate)™! 72.50 76.89 74.60
OCSGA™ 74.71 71.21 72.92
SCHR9] 74.78 71.82 73.27
UMT-BERT-CRF? 71.67 75.23 73.41
H T R HIRREE 7 12 _ W”} 28T 00
BT PERE WL AT Cik[24] 7350 7233 7291
ITA?" 76.52 74.71 75.60
MAF 2% 71.86 75.10 73.42
EMIT (/=3)"*") 75.11 77.43 76.25
HVPNeT!*! 73.87 76.82 75.32
BT S T R LA 7Lek 7513 73S0
PGIM_BERT! 75.84 71.76 76.79
T MRC—MNER”‘} 78.10 71.45 74.63
BT BE AN K I 7 1 CAT-MNER ™’ 76.19 74.65 75.41
HETFPOEM G Rl& SCHR[54] 74.40 75.76 75.07
VanillaGPT™*” 42.96 75.37 54.73
. ChatGPT PromptGPT (N=1)"" 5196 7524  61.47
BT RB AR 75 PromptGPT (N=10)"*") 5857 74.07 65.41
GPT-4 GPT4"7 - - 57.98

T = 2R SRR ARG HZ AR bR R SR S5 2R, N ST R e — & B R

F 6 LM TR IR BB RLE B Twitter2017 _E (I 1ERE HLEL (%)

. . - Jr AR5 (Overall
H31 Jrik o FHARE Overall)

Pre Rec F1

UMGF™ 86.54 84.50 85.51

B B RRTRA R-GCN™Y 86.72 87.53 87.11

R-GCN (w/o Gate)™ 85.90 87.57 86.70

UMT-BERT-CRF"> 85.28 85.34 85.31

HET R HIRER 75 ITA®? 86.69 84.77 85.72

PR SR B AT A 2 -

MAF 86.13 86.38 86.25

FMIT (/=3)""] 87.51 86.08 86.79

SCHR[41] 86.25 86.38 86.32

BT 2B BN R BT R )
PGIM_BERT 89.09 90.08 89.58




IR F SR S RIRFR ik 15

R 6 A A IR AL E R 4 Twitter2017 _ERIPERELLAL (%) (£5)

25 (Overall

eS| FE ] Fif 224 (Overall)
Pre Rec F1
MRC-MNER™! 38.78 85.00 86.85

o B S RE=-wak Ikl fl Sy (391
TR Tk CAT-MNER 87.04 84.97 85.99
HTPOEK G Rl & LHR[54] 85.77 86.97 86.37
VanillaGPT™! 52.19 75.03 61.56
) ChatGPT PromptGPT (N=1)1*! 56.99 74.77 64.68
FE T R B 2R R

- PromptGPT (N=10)1* 72.90 77.65 75.20
GPT-4 GPT4P" - — 66.61

4 SRR KZR A

4.1 HiEE

AR, B LS SRS R I O 2 BUS SR 42 A MERE (145 & B 101 B hg. (KL, 2021 4E, Zheng %%
NV T 2RSS RIMEUEAR S MNRE. Z5045 4 £ 25RIE T Twitter2015. Twitter2017 LUK FHATE Twitter ]
b TEH B, [FI4E, Zheng 25 A\ P EET Twitter2015. Twitter2017 LA FRIRLE Twitter 3 b TCHU ISR £
THHEE MNRE_MM (TR [31] HIEERSE S5 3CER [16] R IEERLER 4, Al i 4 518 X, A SO0 [31]
HEHE S dr 409 MNRE_MM). 5444 MNRE ANEIH)Z: $dE54E MNRE_MM 2 AR A SRR [F 38 (s
Ry HE S F) BHTIRE S 1FE), T MNRE SHB4L58 A # ERUTIE. PS04 0 SCARER A B UAR Y
I, A Fr vl LR SCARTR A E BN 78, B S o8 RIS EE. MR ER I SeiHE B IR 7.

%7 MNRE!'"“f MNRE MM USR5 112 &

. OUREARAE 4o ey SOTATERE g
LA S Img Sent Ent Rel Inst HI4E g (FUH) (%) Bl AR e
MNRE 10089 14796 20178 31 10089 2021 3 68.60t7  hitps://github.com/thecharm/MN
RE/tree/main/Version-1
B Y https://drive.google.com/file/d/1g
MNRE MM 9201 9201 30970 23 15485 2021 gﬁﬁ% N 84.86"  DYipQgDEDRxaVxkKrSTOgFFQ

gKyPpa7/view
T ImgZoRs BT KB, SentZ2n A1 IR, Entdon SR I BUR, RelZR SRR R IR, InstRoR S B R

42 FFERE

FEZ AR I AR o, R SO0 R L AT T R I e o B0, (HI SR 4 K 2 0 8 40 SO A T R
VIR, FAERE B 2 IER BT RER I = — ek, SRR R S B R SRR I(E B 54U SRR &
HHEUTESAL, BT HE T KE 77 i% (Pipline) AZ7ERT IR R it B> TAFS 8BS BAS T LR 72 A Toff 8 SR 0 &R
MR TU AR SR B 56 TR AE TAR B A BT 7% (Joint) SUAKHR R BN T IRV RRAE RN, 77 7E A i BRI 2
G R DRI, R TR R 2 2T RIS il BT VR BN 2 RS SR G R B AR 45 1) IR T .

Zhao % N PV AN SR I 2B AT B SEAA SC FR 1 43 AT BB RS, {9 R CL RTE P AN SR K AR R
“fiL & (location)”, A8 AIRZE 5y F 7 X WA SEAAR IR 98 R N“DL T (located in)”. BRI, 41y 42 SEAARRUNAR 21 1) SE A AR 25
B BT SCAR ) 5 — PR, X PR R0RE A SR R B ASAT 5578 B — NSRS AT 5%, 4R H BEE b B i 42 SE AR
FISEAAR I R 7515 CMAN (cross-modal attention network). JHiL7E ADE F1 CoNLLO04 iX P A4 4 1 15256 o
A 1%, SO RAMEU TR RE (F1{H) LERR R l3E = T 1.9% Fl 1.5%.

IR TAEAR FIE R SRS (BlSOAR) SRR, HARGINSCARE Z AN HARBSAE AN B, Zheng 25 A1


https://github.com/thecharm/MNRE/tree/main/Version-1
https://github.com/thecharm/MNRE/tree/main/Version-1
https://github.com/thecharm/MNRE/tree/main/Version-1
https://github.com/thecharm/MNRE/tree/main/Version-1
https://drive.google.com/file/d/1gD9ipQgDEDRxaVxkKr8T0gFFQgKyPpa7/view
https://drive.google.com/file/d/1gD9ipQgDEDRxaVxkKr8T0gFFQgKyPpa7/view
https://drive.google.com/file/d/1gD9ipQgDEDRxaVxkKr8T0gFFQgKyPpa7/view

16 BRAP AR Hrr e B o G w Sl

SN B B SO 2 B2 8 AT EUE S5, I4 i Glove+CNNI?, BertNRE“AI Bert+CNN g 45 4 J5 i
(GloVe+CNN(Att)!'. BertNRE(Att.)!', Bert+CNN(Att.)!" 145 {iF B 1 fl& 1 A 45 2 AT 312 s Sz A o6 28 il B 1
BeAh, 35 B N R B 7 1 PCNNIY 4844 (PCNN(Lab.)!"®, PCNN(Obj.)!'*. PCNN(Att.)!"?1%), szt 4k i i
7: PCNN 45K 7E MNRE 3548 - (P22 T PONN J5%. iR Le SEo a5t 0. B aR b & 18 4 4 B T 4 i o
TR R R, (B AR R FTE 2B IR e LI T STk N T — I B A, Wang 25 A1)
R T AT ZHEER RS TEHELE MoRe (multi-modal retrieval), 21 8 7w, % HESL A& SCAK R
B R Z B, 5 PURE B8 OB, SR J5 20 BIAE X PG R 45 5 LR IR IR b ic I BBk 47 485 SR T, #8J5
B FA TIN5 RN — A% FIR A B B B & RTINS 3. 1% 07 15/E MNRE 08 4 S T 55 Bt Re R B0
Zheng % NP\, MERE B T 7 B3R B A v 8% H AR 920k DL SCAS R 8 SR 2 T AR SC R Ab, I8 75 B 5 B Ay
HR 5 A SR T B 5 56 2 B 4] - Hp % SEAAR RN IR SCAR DG R LR, DRI, 4R T — /MR SR 2 4
FRZE 2% J775 MEGA. %77 VLI it B i S0 AR 2 1) (1 96 22 B G v AR 38 1 B o Sk 5 SO s R AR G, S8 )5
R FE PPy v ) S A O R SR i SUAR PP SIEAA O R MR FE, TE 4548 8 MNRE_ MM b [ SE50 3K BH: MEGA PR & Fh A8
WA A A F- Al SCABRL, 33— E W T E 2 RAMBUT 55 FP I8 I 51 NARSC I B A5 B2 A 2400 B, A5 115
5B T H (pretrained scene graph tool) $2&H T BN 2 ARES SL4R ¢ R A A HERE T BERT+SG fl BERT+SG+
Att., 13238 T B0 B S 55 751, MEGA 77 :4E MNRE_MM 8 4 F 10 & T8 b5 o IS T BT I 45 51, It
R 5 e 10 2 BAS SEERR R BERT+SGHAt A L, MEGA J573E IHER R IZTE T 5.8%, XKW A 104 25 AT
BRI LR T SR O R I8 3L ] J.

‘ xZr ‘
\ Text retrieval system ] Text-retrieval-based \
‘ task model ‘
Key Value a
‘ Ve BMZS //Top-k retrieved| Post Retrieved l:l P, (y|x.1,Z;)
retrieval process o WXLy
‘ > l:l D result [——""p  knowledge Z, l:l ‘
i e
| . ] 4
—|—P
Toxt | ! K€ > P|x])
e - - - — =
mput x A
Image retrieval system *Z; Py (y1xl.2)
Key Value | k-NN ] Post B
ieval Top-k retrieved| . B
Image l:l D retrieval — process e
input I knowledge Z; BB
Image-retrieval-based
task model
KC

K8 MoRe fEZE & M

SRR AR I R K R PR SORAR S (R L. TR, X 25N U3 T3 002 3T 8 S A o e Bt 4R v 11
BHE D NS Z AT, R 53T e MEGA A1 MTB B &l B iy 4 5244 DA K stk 2 1) ()55 &, 7E
B iE%E MNRE MM U T BT RS, EAF, Chen &8 N DO I 7 — AN 24050 Tl 25 R 4 99 2 TR 45 il A 7Y
HVPNeT. iZER 5] N T 1L, RN E T B PR AARRRE A R R 1 B RS ARRHIE, & ilid Softmax R
BRI TR R AR /2. Chen 28 N P75 i A i B 455 CoT (chain of thought) 5| A K#E A LLM (large
language model) 5% K 1) 5 I HERL §E 77, S8 )5 25 T HERR AR tH — BT i 25 AR 37 28 P v, AT 3G 58 T A Y g P .
Hu 25 A P8 32T Sedh- e GR 96 3-SR S TR ZRAT 55, Fe s I B R bric UG- Fe e h R B 1 I B 5 ok 7
k2 BUSRL A BRI R MERE FUMERE. 128580 fE 504 42 MNRE_ MM _EHUE T 5RA 1 kR L.

Iy 255 KA TR B 52 31 633, Chen 25 A P75| N T ChatGPT M1 GPT4 £, Hrht, ChatGPT B3 H GPT-3.5-
Turbo SRAE R4S R, GPT4 B GPT-4 SRAREE . BUM B, W 70N 58 51X 3 AR Ry SRR, % 8
Fow, ANE A B R 7 2 n R B R U7k, et eE (F1E) e 4 MNRE BRI T o &
T TIN5 MNER 2881, S5 AR A s 9 2358 S iR AT it & — ME SRR 77 ).
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R ZMELRMX AP LIRS MNRE EHIPERERIL (%)

k= HTR HE TR o5 Pre Rec F1
R PCNN(Obj.)""" TESCARTERE b i — 2 51N o ) S5 6385 4540  53.07
GloVet+CNN(Att.) ' T ONNIF VRS 1 SUAR RS RRAE 6225 4672 5338
Bert+CNN(Att.)!'! P A s v 48 CONIN D VR B B R R IE 6528  61.72  63.45
H R BertNRE(Att.) ' Bert 7 V4 B3 i (¥ SUA LS FRAE 68.94 6247  65.56
MoRe!"” FET ISR R HERR I JEAH R B SUE B 6823  68.79  68.51
GPT4-BERT"" SRR [ HERE B8 /38 mMEREAT 45 it Re - - 67.88
e ChatGPTE" Vi FGPT-3.5-Turbo i 2k i 45 51 - - 35.20
o GPT4"" W GPT-43k 2L i 46 3R - - .11

T “Obj. R H bk IS 21 0 B - RFAIE, At 3R 78 i v 5 7 WL S P a8 (1 22 L

FIRHEE MNRE_ MM Hdfi e EROTERERBLANER 9 Pk
RO ZRELMRAMPUEA LIRS MNRE_ MM _EPERERIL (%)

251 Y R E Pre Rec Fl

BERT+SG"! T8 SCAAE EIERE bk — 25 5N A5 R 6295  62.65  62.80

5 B e BERTHSGHAS b5 FvE B HLASR B R B A 50 A Z K38 UL 6097 6656 63.64
HISCAR Mega Ik BIREEREIREI R AL B (o

e o . . .

7 . Xu N ISR R BB I RIE RS E A 6683 6547 66.14
e DRI pveNer {35 s R R BB S A $3.64 8078 8185
Hu% A\FY PRI A MBS S R TN 25 2 A Bl kit 8495 8576  84.86

VE: SGAScene Graph[14i 5

Wan 25 A\ U —35 ) 16 T 2 45 R AE (multimodal social relation extraction). 5 —fi Y SE44 5% Rl HL
A, ZAT S BEMEE FAEFE TR AN 2R R (T RAEMRK REE), XFOC R L — RIS RC R
L, BN 58 RGN, Ban: AT BRIHEAN NERAN, B E BB 2R N2 2ok, 11 BAaR
M, BALESESE B, AT RIPT56 R0 ok, 3 25 10 TAF AR 7R B 4 7% 28 7 265 R
Z AN AR A, T A5 BT BRAR A SUAR R IR R R Z MW AN G R, 1K L85 B 42 00 RIBEE T RE #1725,
2R R, Wan 25 N U270 SCAR S I EERE SN B, IR I T R T A REAR Y] (few-shot) ik E
AR R, AT T BT GE.

5 ZARSEMHHE

51 ¥iEE

N T B RS F I R, Li %N R T AR 2 S A BUX A FUE S A, A T N H 2 AR
B FE UL % I KSR 46 MPE” A AT 2638 BT 20062017 4E[A]f) 108 693 Fi A& B SCHI £ AR SC &2, SR
JEHELATE 3 AR ik — A5 I e w1 A0k B B R 2 B B SO 2) WA IS 2 R o=
(B AE 4 5K ), 3) IO AR B R W] BB I8 5 A 235 RCE (P REW FBURAE R, R S
BT 10 59), HIIX 235 F S0 R4 R SR MBS B AR L L 6167 ANA) TR 1014 SR

BEA, Li 88 N2 8080 B 138 0 Bale dhAT 1 hRiE:, Horh, SURE Iy bRIE S % ACE HA bR fE I, B 80
HIbRES 2 B S 4-FRiETE S (http://blender.cs.illinois.edu/software/m2e2/ACL2020 M2E2_annotation.pdf). #riF 5
BRI S 8 N UARFEFLA, X 8 N UAH AR A ACE2005 B¥aE M7, 2 FrlE L #H
XL T AFLE I o K RAE A4 FEAR AR TC 70 K48 7] DL B AR 2 S HUR AT A FR 2 A SN 2 S
Fodl g EAODE ISR, R, B4 B imSite IR T )R ACE2005 #E R K8 oM O, XA B 1218 %


http://blender.cs.illinois.edu/software/ m2e2/ACL2020_M2E2_annotation.pdf

PE4E ME? PR CfE B EE. HiEE ME® ISR ARIS oA s R0 10 fis (MRS IC M B ER 10
FRNAE 2R, 20 Instrument FT Police 55).

£ 10 Hdat ME? RS T B fE B 1

AR Wt
Movement.Transport Agent, Artifact, Vehicle , Destination, Origin
Conflict.Attack Attacker, Target, Instrument, Place
Conflict. Demonstrate Entity, Police, Instrument, Place
Justice.ArrestJail Agent, Person, Instrument, Place
Contact.PhoneWrite Entity, Instrument, Place
Contact.Meet Participant, Place
Life.Die Agent, Instrument, Victim, Place
Transaction. TransferMoney Giver, Recipient, Money

Y55 1.3 W BSHAEUN E UATR1: MPE® B4 b 44 1297 ANMA) TR 391 K B & 3k Horb, 1105
M) FAE A SCAR A, 188 3K B A A S A B A 4, /T 192 ANA) 11T 550 R B9 203 5K B A4 309 24
BHEAEN (B FRE A A E S — % R). ME* BB £ % iHE Bk 11 iR

F 11 HRE MPEX 1% 80E 1Y)

AE R K WooME BIRE  QIEEEE SOTAM:RE (filk MR A
Sentence Image Textual Visual Textual Visual ¥ LN WFH) (%) .
6167 1014 1297 391 1965 1429 fE 2020 57.5170 http://blender.cs.illinois.edu/software/m2e

5.2 FHiERLE

BRSO FAFE O S T RO U (B 2 U R B R AR ACE2005 $idii 4 Ll 25459 31, IX Le B R {7y
RIEAE— T2 . BRI 10 7025 B S SR AH B 2. 9 T3k — B R iR A, B A2 015 A B Ak
BRSO HIE SRR, B AT, ZBS IR AR L TAE B AL 1) B BSOS S GE i K
F AR ESCR AL PERR). 2) 2 A FAMEL (A HSCAR BN B R SO 58— (1 2 B S ER).
AT F G Ry T N R
52.1  BEIRHBISCAR SRR E

SCAR S BT 55 A2 A5 B BT 55 1 (1 — AN E WAL 55, FH A8 A R A SO AR T SCARERAE T
FRUOTI St (2 SIHESR VNSOV T A AT 4 RS T et R (R B3R 7 iderh OB 22 O 56T oA Rl
i ACE2005 LilllZy, T34 ACE2005 A& ¥R A K BAFE K EIM S, ML FAA7E 2 SO fil A H
JLEI AR, R B AR K 1% 2 SO P S I 2R, S A R 7R 2 AL T, A
3 N i A PR A IR SR 5 ST AR S EUSE 78 AR TS A RS L A RE R LT, BN 5 SR MR
P T (46 U R I ) T e B, R T S R R 2 — R 22 S R ik R 1A 28 2 K TR AR TG A A R
i) .

Bosselut % A A Young %5 A\ B9 B 76 B AN K B SC AR HERE 4T 45 v, S8 51N 5 R L) SCAR i ik
P T E BRI RE, SEIG S SRR i RN T AT DR B B AR DG S, IR B T
HIRMZE ST ZHE R, B %5 2R 5 NE (8 BRI S SO S B e 7, Horb, Zhang 5 A\ Pl s6 48
VAD (visual argument discovery) P55 M B 7 2 8 — N & BT St ATR I, SR G ARIE 45 %8 )T Hh I sS4 sk s
R S AR AL E B, B R B LG B 5 SUARRHIE R A 15 3 2 S RHE, DA 31 1) 2 S RIER
WIGRUAS A5 2588, B 70 TS S &2 ACE2005 F1 ERE _E UK. t4h R Bon: R4 4 ACE2005 =, 5
SRR JointlEV A EL, VAD 78 -l 2 17 S e B F1AB S BIRAS T 1.8% F1 3.2% HIeTt; 154
ERE I, SRR L, VAD 75 Sl &% i AR T E R0 F1E 3R T 7.1% F1 8.2% (K IEHE T it
RS EG 25 HE AR i N R S A DG I B A5 R RT AR SO S R P R, TR R IRAE 1T IR M AR


http://blender.cs.illinois.edu/software/m2e2
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Rtk

EAhEE B VAD SRR T SRS AU R K M R, (R AE VI 2RI B, VAD BERLT 4% 4 2 00 I
BEASHAT LG, IR IR 18 BRI 28 B B 7 T R H B, 25T 0 A B BE ] LA Gy 5 SCAAH
I R X 38, 18 AT LASSTE 5 B R M SR S0 AS 9 2. TR, Tong 258 A U713 9 B8 1 WL U0 36 2 B s s Y
DRMM (dual recurrent multimodal model), #1E 9 7w, SiEid Bert Il ResNet 43 7l $HUSCA A B 4FAE, 485 iE i
N DA W EEE JJWiE ADA (alternating dual attention) AWk ARG BSCE B, e Bl & 5 i 2 R SHSME
R RINZRICA A3 2525 i FE MR ACE2005 5256 R A MERE (F1) B VAD 7547 T 7%. b
RSB AR R SR ACE2005 Al ERE™ E T REXS EL i 12 Fios.

Feature Extraction Multimodal Integration Event Detection

Ford was in his
rush to confront
membersin T >
Toronto’s council

e = -~ .-

chamber 3. query image: Residual .
ey e ate imagel 4. update text| | ADA AT ?g;lggggs © —»‘ Meet
m —» om
Multiple
Alternating Dual attention (ADA) Image
Encoder

my <
\

K9 DRMM }iE#&gl”

T2 BRGSO SRR L REXT LE (%)

) it & ] It
i PRk %
R Pre Rec F1 Pre Rec F1 (RIS
VADY 75.1 64.3 69.3 63.3 50.1 55.9
- ACE2005
DRMM 77.6 74.1 75.8 64.8 55.7 59.9
VAD" 48.9 445 46.6 31.8 25.8 28.5 ERE

522 ZEEFAE

IR AT AR T Al A 5 — PSS B SRR m S MBI R AR, A B S 2 A
RS 2 RS A (RIS EL 5 SCAR SRl EURT B P S A e ). e e 398 -5 S At 7 1 BT A S AN AT AR vt Y
SCARE A b % R R M B, B W] RLAR T SCAS Rk Z (R > AR oM SRR T 2RSSR LIEE AR, bRiE
Hedla AR, B = 6 55 0 R R SO R R 4. DR, 22 O s i o bl 5 UM R R 5] P g il
BRI 2 S F TS

Radford 2 A\ P19 4 76 B SCULACAT 55 b 2t A P X b2 STHE 28 SR IBG A2 31 SCAS R B A B IE o, SR 5 A
R PAFREAN 77 2R B T AR S5 . 78 30 2 DA EME S I 8dE 8 ENK SRR AR RE 5 4 e B A IS 10 14
REAH . SEIO 45 SR 7T 2 STHEZE R — AN R S W BICRIR 7. Z B R, B ## K e STRESE RN
MEE {F45 U145 o L 2 A TR — AN 550 55 A £ FI i PO HE SR WASE (weakly aligned structured embedding).
Wi 10 Frs. EHESL 5 AU ZRAn B S50 43, CEUIZRR B, B e 3 A5 B SCAR R R & M BIHE BAE R 1)
GG R, S8 E B I X AR B iR (image caption) UHE4E L 55 xR I 2%, IRt fEd, EREEHIE -
SCUCHC 7 s 58I, AN VCIE R A o [z 5 3l i 5 20 T SO PB4 RO AT et 4w B8 21 [F) — 35 S8 ). 7R
BB, AN TR R IT R H B 7 I RlE P AMREES RHE, 285 N SCR AR 7 AR 34T FHAR AR T4 25, KL
H, AN B A R B B VT EC [ A) 7 IRl E PSS AR IE AR S5 SN R B R o R8s AT SRR Je 2 43y



20 AR AR wrrrdp xR G )

PSR S TRAR LU B, U5 I P A S — A ZARSS . fE BT, B S (AT B Al
()77 e by s P P A PR A [, S S T 12y 409 WASE gy, fH2 1 % H AR 77 i 2 7E Open
Images ¥4 5 b I 2543 2R, JEILZ 072405 2] BRI 45 R — M IRV &, J0id SEBURT i S A AL A .
B, PR TR TR U B S A I, IR 2 S SO i @ 408 WASE,,. PIF 7%
TE 2RSSR MPE® LIYEREXT LU AR 13 From: 18 SO AR T4E55 1, WASEy, &5 T WASE,; £
FARR IO TAE 55 b, WASE, FIVEREZEIE AR T WASE ;. Ik, 76 AN [ () TAE55 L, Wil v 3 th AN [ f
L.

I
|
Training phase | Testing phase
|
|
|
ACE text event |
) imSitu image event | imSitu image event
Liana Owen Alignment |
[I’artlcuiant! drove frgm ) destroying [Conflict.Attack] | For the rebels, bravado goes |-
CPeimsty l\\/;amta tﬁatte{ll . VOA 1magc— Item [Target]: shipTool } hand-in-hand with the 5 2
[Contact.Meet] the rally in caption pairs [Instrument]: bomb I desperate resistance the et
Manhattan with her parents | insureents have mounted o= 2‘ -J;»
[Participant]. | insurgents i
|
|
v |
Cross-media structured common representation encoder
|
entity region trigger image } image region
(T 1T N - ([ I 111 CT T T 7
|
|
TS L I
Liana Owen = attend = ; resistance B Insurgents h
|
|
, ‘ \
( Cross-media shared event classifier ‘ |
Contact.Meet Conflict.Attack }
v | Conflict!Attack
|
Cross-media shared argument classifier )
T
|
Contact.Meet Conflict. Attack } Conflict.Attack Conflict. Attack
Participant Instrument | Attacker Instrument

110 WASE HE42 i 3 1
£ 13 ZHEF BRI R 4 MPE® L ITEREXT EE (%)

i) figh 42 17 wt
Pre Rec F1 Pre Rec Fl1

WASE,'¥ 382 67.1 49.1 18.6 21.6 19.9
WASE," 43.0 62.1 50.8 19.5 18.9 19.2
CLIP-Event™®” 413 72.8 52.7 21.1 13.1 17.1
UniCL!" 44.1 67.7 53.4 243 22.6 23.4
CAMEL™ 55.6 59.5 57.5 31.4 35.1 33.2
GPT3.5% 17.78 31.31 19.56 10.77 21.62 12.11
GPT3.5/SC!* 12.62 17.77 11.49 7.9 8.62 6.95

Liu 25 A\ U3k — 0 stk EaR g9 FFHELE, 3R HY T 48— % Eb % SIHESE UniCL (unified contrastive learning
framework). 55 WASE HEZE ) 7% [8) 27~ 8 3 AH 7], 1 2eidad 51 32 D TC P 1) SO0 345 b AN DL T ] S % B8 v 1) 4 0K
FEI 5 20k > B SR A JL R IR 77 8] AR 12, 76 B v AR AR 23, B 50 N SR T 200 (1 Mg, B F5E e Lo
(R B AE B3 23 0 5 1 SO T SEARABLURE, I3 T AU S AN T X it 5 45 B e 26 RO AR ALLE 23 8, AR 45 2 TR AR ALLE



IARM F: ZHEAE LA G 21

Sy BT AR ) B (R 2R AR TG ARG R 500 BV AN AR IR B e AR TT R i B S 4, )5 3855 & R TLAD
I E SCHEAA R AT 2 S

5 FRITEEARTE, Du 28 A\ VR SCA-E F (text-to-image) A& -S04 (image-to-text) 33 X [ K 38 51 1)
FRIBE T — ARSI 2 IS F 2 ST HESE CAMEL (cross-modality augmented multimedia event learning). 1%
HE B2 2 ) A Sl (9 BEAG AR B AN SCAR AR B TR 43 SR 2l SO A B B A ali ) s 4 1 AR ot LS (S
SRJG B I N E AN — N E PR C I 2SS EEE . Bt 1207 200 2 AR AT 57 B IS B SC 3 i B dis £ 40 sk
1) ) R, L TR R A B L AR Akt AR AS P I R o S 5 NS BRI, 20 it T — P = I 455, 1%
S ] AN AR S 2 S EAE P ARE RN . KR A0S AT AL IR 1] R, DA SR 22 Mg e s 5 A A 1 e
e B0y 1) R %5 TR AE B 4R MPE? _E IS T T RO VR RER T

IR S BT IOT ELE S RS MR A B, HOE5 R 7 SR I 55, HE A 25 R 5 M 0
XF 5. T FERE A S A b T ] DA AN [ A8 TG A €43 28, AT RER BTSRRI AF. Ik, Li 2 NP B e i1
ZER MBS B ST HESE CLIP-Event, i 76 MPE® 44 b A IRSE R R: 5 26 E B UniCL MLk, CLIP-
Event 7EflUR A HUE S EARIRE R T 5.1%.

It 25 KRR £ I8 FH AR 32, Moghimifar 28 A\ ™M ChatGPT 5| A B 225 AR IUE S b IR 4 BIHR T
GPT3.5 & f1 GPT3.5/SC (scene description) %, i, GPT3.5 A AL 2 B A\ A, 4R )58 A GPT-3.5-Turbo
133, GPT3.5/SC AR 1 565 FAR I A2 B SUA T K 1y B A S0 AR, SR 5 A GPT-3.5-Turbo 133, 152 13 AT LA
E H: GPT3.5 M RAE L PR Fabs B PE RS B4R T GPT3.5/SC. %F GPT3.5 /& — AN, G A e A
R RS B RKERHE, TP U EAAFEAHIBUT S 5 ARREEL (41 GPT-4).

BEAb, B F A B A RS B UUCE 2 HAR R U (E B, XSS O B B Al R
EARIL. B, Chen 28 A\ B T ¥ £ A S H TS5 (video multimedia event extraction, VMEE). £ S A5
BB PSS (3 e T 75 A e A R SR I (R S AR T B R RS, S I bR TAE R R 2R,
B R T AN B B IS, 15 563 305 -0 5 BOw o S E R E, SRR3R — AN 2 4ES Transformer fE
BE, FI R E T AAS (0 A A 28 B G e OO A B S R AR 25 (1) A AR e,

6 REKERE

6.1 Ffziass

RRSRE, DA 10 2 BAME BB 7T TAE £ AR T 1E B iy 4 ST IR IR 22 A58 S ¢ R AL AN FAT:
% I, ZHAEEHEUE SR T R R B

o LAy &I IR BT 5 I FU ka3 BB B, B R TAESE P E @ AR R AP 2t
SURIEE T bR 303 S M HERR S5 VA AR B SO M 1R 2178 43 28 L. BlA SRIE H A R W] BE 22 I b 8RR AL 1)
T A R RRIE R RS, i i 1 25 e 25 A 23 28 25 DA K 3 0 22 T A SCAR () B B A B A5 T VSR R ER AN UL
147 B ST MR e S 1) SR ). RO AT A SRl % P S g (R B 5 ) IR AE AT 55 BB T ORI, E R
Iy RIS REAE Twitter2015 A Twitter2017 PN H0HE 42 BB, Bh= Sk 2 S B 4R i gmh. 2
At DAS AR S AR S R B AT VR, SRR, 2 AR A A SL AR B AR R — A B H FR PR B R AT
1145

o DTSSR RIHIPUT 5 T A 3. 75 2 AR RIIUT & MR RYI, Th A # FE@d & B A
5 XA SCA B 2 AT AN 7S, B A e B SRR A H R SE A DR R R B S 2 T 5% FR R I iR ST
AR BIE LRI, T3 R SR 00 SR A OB B () 1 . SR AN B T2 B OGE B RR AR AR R LA R I ST A SR S 5 THT. AL
B B, Wt 03 AT 0 DT B A e o 4 SRR S 2 IR 5% R B SR B A R R, W KRS R 1
T VAL A i 5 (R T PO LA A s e T 0 S D0 R, H BB B ZAHRAR A

o ZHRFMEB AT A S 2200 T ik MNER Al MERE 1£55, SRR TAEEE TEdm & B A SR
KA P K 22 SO 190 A, 38 T B R SO AR A PR R 5 RE B S AR S I 2 (R RO RN, PR AR S AN AT LA



22 BRAP AR Hrr e B o G w Sl

BRSO S XFRIR, 18 0T LA B R S-SR BOR AN 78 SCA H T BB R BB A SRR T A SR R B, B
OB MR B SO (SR ) 2 S . 2SRRI B SCAR A E BR Fh
B A K SR R 8 55 AR, AT BN 2, TR, 2588 A I SRAE TR R IR 2R 25 ).

6.2 FEHBSRSRE

I FSC o SRS B AU A 1 T, RSO 2RSS A BT 7T AR AE U 2 A AR S
WA, ZHUEHIR MR R R A S 2 BB T 45 18 bl 1R DA K k2 1358 0 R 25 () L AT 4R A7
TEBRER. BRI, T G T 0 2 BLAS (5 B BT S5 1 KU 2 S AR B 4R T ) 2 5615 R EUE &5 1 24
L FE FE SC R SRS T ) 22 A A5 S A AT 45 22 i) ) A R AR TR 1) S JCSBR P 2 B 5 B A U %5 0% 4 A
75 HAFLE A T Pk,

o FLJEE TH] 1) 25 A A5 S AT 55 PR RS 22 AL AS AR BB 4. U 04 2 B S AR B 4R R Z AT AP A
I AT 55 TR I ) il R, i R e 2 A B 4R i A AE v 2 o R K S5 5. ML T R R B 4R, i 2
RS B B 75 2 (R B 45 6 P PR AN 15 R RN X 5, AR5 70 BRAR AR A & SCIZEAL boo AR B A AT AR, TAE &
KHSZ AR, Bk, H a0 2881 B 7T S A2 e AR RN (MNER AT-45 5 ¥ Twitter2015 45 8257
)T, Twitter2017 & 7181 ANMAJF) AriEHEE /> (MEE 1T45 5% FH I MPE? FEhR3E 1297 M) 1A 391 7KK )
)L B AR BT/ NREAR 1 S A gl AR U R PR FENRE A L SRR B I — Oy 3, SRR
TR /N 2 BT %of e BEASE TR (1) A TR PP, X R 7E oAt 2 AT 55 LI 2R R B 1 B 1 N ARV E L RE I —
FhAT B8R R DR, R KU 1) 2 S AR R SR ZI A R 4%, BRI R 5. K 6. £ 8 FIK 13 KIL: HHAM
ChatGPT 7E18 BT S5 R INE 22, (H2 % T ChatGPT B A 58K 10 IRHEFLAE /), T B GPT-4 AT #4005
N, VW GPT-4 W Z S EHR ATV AR, 85456 N LA 2 1 77 20R e s X B 22 RS v s S 4%
HLFE KT BE.

o i1} 7] 22 B4R S A BT 55 PO AIPRL S PR ST & S Fh T 20 B R i S 2 1l 3 175 88 0 M A B R 1 25
LS B, FFEE T B E AR BT H R, G AT ) 22 K PR SR B SR A E AR B BUE 55 T A 4.
AR IR G SR AE 2 B AR BT S FEUS T R s U  (E AT R A SR I R S
1155 B SRR AR 2GR, X8 SRS B R 5 S5 S4B BRI A K T, R T ae 2
TER R A A FAE S I, 25 18 T AR A S R 2 [R) (K106 55, Wi V8E AT 85 P SR 2 R DR R SR B DL R
PR A, X S AR (5 B U SRR e 5 B BRI, 410 2 S H I B B R 85 1 2 A6
5%, FRATTPT S 75 B4 N AHDRL IS ¥ Al SR, 0 SR P b2 2 5 v b g A SL 2 (R, 8 v G4l 1) TR e 75 228 R e s
2 4 B A 5 TR AN A 2K 4 22 P s .

o [H] i) Z RS B IS FAT 55 2 M I HERL AR, 16 SR EARE P, £ 5 F B 3R 5, B 5XXCARTRLE
BB I D 2R, T T B[ 30 I AR PR (R AE DL W TR A5 A G, T X P A S AT 0] S AN Rl
s F R IR MR g, WEHRRFERIG SRR, SCARTTRER R R MR . T FE, 100 B R 2 3L 2 R
Y. R R R 00 5 B S, MR, 5 BRI N AN AR SCACR BB R A oM. H T, BN
PR T OB 1) 7 vk S i e 3 ) RO (B AN R X e KA 15 LA L B A P AT 45 2 1A A HE B A
73, w: A)F I EA SSARE R R B R — DN FHA R It A SER R RIS R, WA R KRR AEE., ERSE
HAFE, BN IX R, T R AT A AR RS A o) R — AN AL S R U Y, L 2 R A T 4
A, )R A Sl A BT 25 1A% R 1 D 2 B L ) S A1 a3 A EOASE 28 1) 1k BB AR A X S AR /D 7 45 JE e L A3
IR, AR HATE HARAT 55 b ISRl e R .

o T [7) FF U ) 2 B A5 B AT 5. 415t 2S5 B BT 55, 32 3 IR 7 5 AR #1276 B s S il i oy 2%
45 U BARIE I 4y TAT 55 184t Other 2851 P12 {5 HURH AT REAF 78 ) o fth S BOHLRE 9 %1 44 Other
25, BIE S SR A SR T B RE, 04K T BN T TR AR P Other 28 HE A RERS il 1. £15hix — i) @, FIFH 2
PSS AL B AR ST . R R UL AR R 10 A BhA A, 2 — TR Bk BRI 0 A, 450 Hh, )
FEG IR R AITE AR, 285 4G AMR A G B TS 2 R 528,



IR E S RAME BT R 5k 23

7 IE'\ éél:

AR, B RS ST HAR PR R R, 2SS BT 5530 R S AT 2 0. AR SCEZARFL T 6
R Z AT B AMBUE S AH G 1) B ZE 3, VAN IR T 2 8255 BB AT o AR b, B0 R SCACER 43 I A 2K |
BISCRE BT BSCRAE I g 51 N 75 45 o) IR R R 7 vk, 3 — 2B W, AR SCRMT45 20 5 ), % 2 115 RAhEL
R ITT R N B N 2 8RR @4 . MNER. MERE LLJ MEE iX 4 AN &4y, SR G2 AE XX 4 AN ER 1Y
JHEAT T 0#T. i), B8 T ZBAE BIMBUT S It a5, I 2SS BBV R 7 AT TR, A&
B RBLA ARG I T RS
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