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Abstract  With the rapid development of multimedia technology, a large amount of multimedia data
such as text, image, video, and audio have emerged. These multi-sources data are heterogeneous
in the form while interrelated in semantics. By using the rich information from massive heterogeneous
multimedia data, the aim of multimedia social relation understanding is to learn the social relation

in multimedia, so as to promote the intelligent business services. such as multimedia content
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understanding, character tracking, knowledge graph construction and so on. Image and video are
important parts of multimedia information. The research of social relation understanding based on
image and video information have gradually attracted increasing attention from both academic and
industry areas. In this paper, we summarize the existing studies of social relation understanding
based on image and video information in recent years. We first briefly introduce the research
background and the general organization of our paper: relevant definitions, formal description of
the problem, research methods and the process of social relation understanding. In the definitions of
relevant concepts, we mainly introduce nine definitions from the aspects of node, edge, feature,
network and so on. Problem formalization is mainly described from two aspects: relation existence
judgment and relation type judgment. Then we look into the studies of social relation understanding
based on image and video information. The process of social relation understanding includes four
parts, namely data preprocessing, feature extraction, social relation extraction and research
application. We also summarize the similarities and differences between the studies of social
relation understanding in image and video areas. Afterwards, we give detailed introductions of
the existing methods in social relation understanding based on both image and video information.
And analyze the experiment from three parts: evaluation method, data set and comparison method
based on image and video data. Finally, we make a conclusion of the problems and challenges on
the social relation understanding based on image and video information. In particular, based on
the technology development in social relation understanding, we divide the existing methods of
social relation understanding into seven categories: co-occurrence-based methods, traditional
graph-based methods, supervision-based methods, machine learning-based methods, deep
learning-based methods, multimodal information-based methods and GNN-based methods. As for
social relation understanding in both relation existence judgment and relation type judgment, we
further classify the methods into two categories based on the number of relations: single and
multiple relations. In the part of experiments, we summarize five evaluation methods, namely
accuracy. precision, recall, F1 and mAP. Then we introduce the image and video datasets related
to social relation understanding in recent years. In the experiments based on image information,
we chose PISC and PIPA datasets for method comparisons. As for the experiments based on video
information, we chose SRIV and ViSR datasets for method comparisons. Moreover, we analyze
the advantages and disadvantages of the existing methods based on the experimental results. And
finally summarize the problems and challenges from seven aspects, namely small sample learning,
multi-source data fusion, unsupervised social relation understanding, multi-role different relation
recognition, efficient relation understanding algorithm, real-time data feedback and multimedia
knowledge graphs. The aim of this paper is to provide a research scope of social relation understanding
based on image and video information, which may be helpful for the researchers to have a quick

understanding of the field, and promote the further development in this area.

Keywords multimedia feature extraction; image content understanding; video content understanding;

social relation understanding; multiple relations predication; social understanding application
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PRATECHE. R 2 T Bt 38 P IUECE T At SRS 045 O T R RS AT o B B4 L PR 4R B
SR i IURN HE W B9 B 2 U7 k. 0 CNN+LSTM 3% 3 iR,

F3 BEGMASMEXARREALSSE

T B W
D B AH B A B I, S EFITNEE T
(0 BB ER NG A ERAREEAEL. 0 SRR I S R EE RS,
RELE () BRI E A R — K G e F T AR R R = iR
(1) ARE AT E R T AL, ) 4 8 (R AL B B - 31T U451 B 5 201
(5) B e B (5) B Fe x>

(1) BFEE B TR R A 358 A 2 25 15 90 0 10 28 A 2 , PPN HE AT AR T

(2) Ab B R B AL B AR R AR SR B B A 0% R A

3D AR T B SOE AU RS R 2 R AE L R AE M B4R 1 55 5 2 AR AE.

(4) FR T Ao 3 T B AR 1Y B 4 42 B 2% (Graph Neural Network, GNN) 77343 A F1 47 44 22 18] 19 32 . W) 5.

AB TR A
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Hi % 3 w) 0 P8 R AR 2 [a] B A ) A, 3 B
WAERCRSR 5 B 5 A B AR DL R 5T BUIR
SEJ7 VAL s FH R AR R BAR BUAE BT S A PR HR AR AL
B RRAE S 1k DL A BT RA A T T

3 ETESMAINEEHNHRZCRIER

FEAS AT AL AR A AR 2 AL R TR R AR A A K
FBR IRy oy BAR FOALS B A 45 2R AT 5. 40 3K
KRS E ML R 7T oy ik 3%
Iy GBS BEE L R
3 E A UK GNN. FE 4338154 2.

3.1 ETEGMUMEENHZXRERSTE

AR AE 6 22 BRI 7 1k 1) 2 J N A T A 1 i i)
fke o T2k BT ER FPLA 5 B 4k 58 6 R TR
BT Ik A B g BB EE LS
2] R ) BRI GNN. B ok X 7 ik it
B 7k RO BT 5 e B R AT I i
3.1.1 FEiuiEy

(D 3y 2

PV 1 6 B 2 48 G SR 7 B A T
B A SRR A AT 2 1) T R A R R R Y
1 2 LB TR B 22 1 B At 7] 22 e PR B R R T
AT 42 L 0 e A B R AT AL 2E 00 R HLAE. 2L IR
JrE R AL T B B E B AL 58 6 2R B b fg B
ENP RS

(2) BB 5 ik

1 45 18 J7 B 8 DA S R 2 R B R 4 . He
SN R S R f L 3 R B 2 Ta) i G
.M AHh A BE T U 1Rt R AR T . R 4
P 5 2 AT DA B TR R RS LA 1 A 58
KF AR AP B I N 2 AR G R T R
BTG AL AR (S B AL A8 6 R BUR h B AR 1Y
Jrik.

G UBEE

PV 1 W1 s e AL I 25 2 B T B X 4K
AT N TARIE 28 05 15 B b 1 20008 214645 2
BARBLL. 0, e AT e R MR R P
XK R R M B E R AT AR S B T
REGEET TR ERHER BBFEAS
WHPLA S WES DM A AT A B
=

(D Bl

P2 S e — T 1 B A SR U0 M SR8

gt i R A R EHEIE E 2T E R AL G
a2 L SR A BN B R B (Expectation-
Maximization, EM) | % #f 1] 2 #l (Support Vector
Machine, SVM) . 45 4 [ ¥ #% (Conditional Random
Field,CRF) . & % # % [ /3 (Logistic Regression,
LROZE AR W& AH . Plassd R 8
(L8 W 2RAT 55 [ I A0 428, Frpr, 4 2800 2 0 B B
PR 43 25 2 b, — T T LY H AR
iE. 405 B A5 RRAE Sy 3% 22 A0, ) A AE SR A B S O
BoWlge e FRE S B MG RE A,
B AR RR T A B R 2 B AR E BETT =
1 G W5 B 2 ] AN 15 E B AR (E B T S8 ok M1 i H
FRAEL » B AR AL BSCAE T 1 B R 43 B — R L T
PRT7E R B S BRI Z AL 4 2 2 i 6 9 o B
B RIsR AL ) YT A WAL S R R T
RERA GBS

(5) WE

TR BE 2 o) 2 F T 8 B HE AT 43 A 2= )
it 28 2, T Dk 2 2 A AS B5CHE 19 P A R AR R R
JEIR TR A 5 AR R A5 1 7 B R T AR R A
5 AL A 56 R B 3 B AR K. AL S8 TR B2 %% 2T #
FE AL CNNJEH 2 R 4% (Recurrent Neural
Network, RNN) \LSTM EZ L F#E %, " Z M AT
TR BB BRE S A B2 GO
R p i Re. R IR AT RIS 58
— R IR U AR T E 2R S E R
9 TR A SRR AT LU EAT R A o) L e N R
Bt o 5 3% 2 28 R RRE AT A R it
FRIE 38 B 52 450 L OF BE 88 77 2R T O A A R AR
Fm M AR HEAE A OC R PR TE M EALAC R R
FR IR) R g RIS 7 B0l CNINL

(6) ZHLZS

ARSI RS R BRSPS B A
HEAT 41 28 5 ZR AR L 0 4n SCAS PR AR AL AR L G
FA L T BUBLRS 22 b 25 1 B 31 BB A% IR kb BB 25 8
B A2 RETE IS R IEE R AT
T bR HE AL 2T 0 R IR

(7) GNN

bR T 45 Ge By BR B AE 2] 5 B b, B M 4%
(GNNOE af LS S JLAR AT SRR 3 5t B e —
Fofr e G ARY 0 Aod 7 PRIV 2 () A et i S ke 3R 1
WHE. ML TR R IR B 2= ) J7 i GNN R & T
— PR X FCR ST LAME B R R ok B AR
BHI{E B GNN 1§ GCN. E ¥ & 71 M £ (Graph
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Attention Network, GAT) ,GGNN %, 7] DI T &
T B b i W P R SR Ak ) 2
IO FH ¥ P 43 e 5

3.1.2 JrkEa S e

TEFR A J7 ke B r ik M G B 7 i R AR T
PG AL {5 B i A 52 5 2 B v B FE AR Y O ik
2 fc W I 5 . 249K o SRAE AL S it o 7 > A B
A [l 3 I8 2 T B B T R Or vk i dn
ZHSHIN SR FE BB A ACRWIZHE. R
TR BRI E R g B TRt B A A D s i
B DU BT GNN RR 8 —F AL B IR E £ R
HAR MG B IR IR AME R E DT i A L.

WBHE BAH SHLa 5 A MR 2= S TG
o AT BEAT A W 2 2L (B B A S
AT DA v Ak 52 00 ZR FHAR T 9 BEE L B R TR B A
PEHEAT AR TE. 0 SR BCHE =k R B AR T B 2 X
5.

TR G bLan 2= 2 J7 A L T IR B2 ) J7 ok
A/ MR R R L MR A ) T T B
R PEER. R Wlde = 2 TR ER 5.
MR B2 2% 2 5 B N 5 ZAE By GPU FE& BRI I 4] 1
X R B AT IR AU K. B e s Blgs e )
J7 A e TR 2% 2] J7 VR R D) iR R B IR
o) Jm TORE TR A ERES IR AR A T

B BE 2 2] 7 B b TR e bl o >0 7 Bk U
T 4 AT LA B R AT A e . 0 R AR D T
AT DL ) B 22 0 B Ok R A 28 06 R B AR R
B HW R R B 2% 2 BB AT LA AT R R = 2, 8
f R I B B 3% S BVA ) B RME R AT
T M AR AL 2SOk R B BT L VR R S i E B
PESE , 5 T4, BB N 1A [7) 40 358

SRS T ROk, B AR E LA
FHRIE B T 4L 28 56 RIEMR T INvfEnl. HE . 2
RSB R TR AR vy B AR TP RO 0 R
SHE R I BAR B el S W5 B AH N 7 .

GNN "] IR A R ) 2 ErR S, B
BT B 44 11 5 R R AR 7 5 3 B R0 5 B e R el
SRR, AR I B — Bl T 0 M E B AR B Bt
e R b T AR SRR I 2 ~J J5 1k ME LR 30 3F 0 U IR
BHE LR BE. T GNN A 2 Z 478 F 3 A 8k
A5 o I [A] P A5 80 )1 0 00 4 2R i T D T A7 4%
FAAEAR KA B AR

FEJ7 R BE BT T AN XS TR RATAE I E AL
G R R FEAVIVE AL 55 ok U, BT ik AR S
TR R R R B 7 9. Y AT AL ST 5K AR AR I L A
R EAG TN b T RO AR At R A
R R FEATHE RN 5. ML > FITRBE = > J7 3 i
FEHCRORAIR » T ZE ARG AR R R AT 1E . a0, 2
iR AR SR RS (1) AT T 2L B L 0 o ) o B SR SR AR
Lt B P IR (5 B R AL 5 5 AT A e AR
RREZ ) J7 k LB M2 ONNG 2 #7422
SR A VRGN S W wT A PR BE 2 ~) T ik » SR LA
HLASR 2 > TR B 24 ) AR 45 & W 07 ik 8 1] LUK B AT
5B GRS R B e BUTE IR I 24 ) i 5 R
P75 » (0 FE P 400 3 A 0 OF 8 v, 1 BB R B . &2
RS T7 R B 75 AR O R0 R W T AR AT T
IR BE AR S 2 R B BOE T EARW A R
LEHETTERHEEADL T GNN EZ MR A
P45 b A 0% 1 (R0 (51 S A A A 50 AR 2 40 L R R BT
e 5 B A 5 T AR S AR B R R B UL R R
AR LA I) R SR T 49 5 3k FA 7 9% BT B Al R 2R
[F] L.
3.2 ETEREERENUIXRIER
AR 32 BEAUR R TR R AR R AR A R
AR PR A [ AT TS BUIR. AR B8 A 55 1R [ 2 2
RAATAEH E FIK AR T 5 76 5 T A7 A
Iy BAs R 4 Fros. Hd oV REW gy
B OXREARY BAZ IR T T EH WA
B TEAS BT AU T T 5 B W BE SCHR S LD R R i
M SC AR BAR A B IR 5 .

x4 ETEGREENHZXRAERAEZNELES

Ak
5 Ik Hiik BE % W . BB B RE o
g EIE ga oy my EHE GNN
s MSNEE) gf?ﬁg;;‘zz%’#%%%ﬁ 2008 EREM& v v~ X X X X X
o ) P K A T R 3 ‘
el FDCRI) bl g 2008 RER% v v v v X X X
GCAD EFEEREARIESER 2000 XEA%E v v v v X X X
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& B
TR
5% IT ik g L i iffi . %lgiz yﬁ% gf%“* S#% GNN
ZH 3 3
TR TS BRI R IT AL v = 5
[89] 1
TSLEAMET g et miiz R 2R, S0 AARE Vv v v X X
T BoFG MELMAER LML v 2 3
[78] 1
BoFGL"® T E TR £ . 2012 RFEERM Vv Vv Vv Vv X X X
. AT 1 % 38 K B 22 —
GAT R R X R RIE. HuRRRE v v v v v X X
5 GBKRE®] T E IR HTRE R ER R 2014 RFEERM V V W V X X X
—| oaen EFEEEOREEBREEL 05 xzam v v X v X X X
5 .
z ey T RSBMFIZ R 4 E .
RSEME mrwnmmxsmg. 0 SRRE Vv v v X X X
CNNH-SsCle) ﬁ;égﬁjﬁgg%ﬁﬁ%ﬁ 2018 RHEEH 4 VooV X X
. ETRBEERZIMNREEME v
Lo4] 7l
|| EMETONNT g kR R, e RERE v v v v X X
* oy T B R B e
7 LPGA+MIANE® Rm LR, 2019 3% i) Vv Vv Vv Vv Vv X X
# 3T DON. W B 2 A0 4 11 & %
[96] N - RO % B
= DCN-+ BL+SC e ) 2015 FHREH Vv Vv Vv Vv Vv X X
psonery BT ClleNEIIELR 07 2gam v v v v v X X
T Dual-Glance #8357 438 > 5
[98] 1
DGML*® LR 2017 RFEERM Vv Vv Vv Vv Vv X X
Z|  s-penes i?; DONMZRARAIML 001y yzem v v v v v X X
7[1 FIN .
o ppetve PTG EEAMEET o xmxm v v v v v XV
F TR A A (B R R IR 45 A A AL v = 5
[s1] 1
DLA-+LSHSAP! R A % E R 2018 RAEEH Vv VooV X X
ETHREMEME LT X HHA N X
- [100] 1
SRG-GNU® GRU 3675 4 % 2 2 3051, 2018 RFEEH Vv NV AV X
T ER R SCRFAE , F) ] GCN v
[101] 1
MGR#1 BEFFRE 30 3 R AR A 2019 KERH Vv Vv Vv Vv Vv X Vv
RS EXBEMEXEREE 3.2.1 EREREETEHE
RAHT FIETR REFIEHE EERAWEG S AY ZH 2
MSN Measuring Social Networks N N = S N N
FDCR Face Detection and Clustering Result éﬁﬁ%% ’}JFZ:%%#U Hﬁﬁﬁ&fﬁjﬁ;’éﬂ E/‘Jﬂé% B
GCA Graph Clustering Algorlithm 4 %& EI/‘J 7‘:—,‘& 3‘5%: j’ﬂ;j\:}%ﬁ& .
TSL+AM Transler Subspace Learning+ Associated Metadata B S . s N o
BoFG Bag-o[-Face-Subgraphs Wu %‘FJ\ ﬁﬁ T 3§ %\ ﬁ Ejﬂj = E/‘J 1=} o, ﬂl:ﬂi Hj
GA Gated Autoencoder R E O HE AN ETEE N
GBKR Graph-Based Kinship Recognition ﬁ@ﬁXJb%g““ Fr EP l ,MSE/J/\ }JDEE;F/LJJE l jju*/z%
JIA Joint Inference Algorithm [ﬂ@ﬂ@ﬁ% ;H\:EP 7@9@*%%%%%&/'\%(@ E'jdﬁ
RSBM Relative Symmetric Bili Model NN . NN
SSC S«:rr?i*gspervisefi 1rC(I:uste:sealr ’ ‘kj_i) EI/J tl:ﬁcjjﬁ %'w'\/ik E/‘JE% ,f)@ ﬂjg%@ﬁﬁﬁ:ﬁﬁ Fr EP
KML-+DNN Kins?ip Metric Learning—+ Deip Nelurall Network /l\/ﬁg E{J ;’\:}%VIF ’M/EH:’{ H‘% l:':l Wﬁg/l\m]*/z% I"I;TJ lg ;H\:
Local Parts Guided Attention+ Multiple Inputs _ N .
LPGA+MIAN Attention Network ':P ’ ]ﬁ/'\]—i %‘%mﬁﬁ H%% ':P Hj }J[T, E"JJ\ ’ ﬁﬁéﬂ%‘%mﬁ/l\
s s Dee Covolion] Necwork-Biding Levert 34 i 30 /K2 D A2 6 PR
DSCN Double-Stream CalleNet %EE lg %%%&% EI’:H J:Xd‘ ?j: ﬁ% Ei ﬁﬁ?@mﬂ ’ j:%
DGM Dual-Glance Model At AR Bk, Goldert®® %UFH%(@,EE H‘%Xﬂﬁiﬁ S
S-DCN Siamese-Deep Convolutional Network e R o
GRM Graph Reasoning Model J&’fTﬁﬁ s M EP ?EEH;Q Hj Xd‘)\% EI:X% %\ ﬁ /ﬁl\ﬁ E/‘J /]'ﬁ
DLAFLS+sA  ocP Learning ArchitectureLabel Space™s B At 23 4 5 R IR A BT R E T 7 R
SRG-GN Social Relationship Graph Generation Network ﬂﬁ?ll\/-lk ﬂzbyl\ ’ XGLJEZ %ﬂ jj]"z %E Ej M éﬁ’ 'ﬁiﬁ EI/‘J ?é %\ LA
MGR Multi-Granularity Reasoning &j&ﬂéﬂ‘ ﬁ'é Hj I E{J I‘E‘[ @j& ﬁi‘ itj‘ it %’[ ifF g HE H‘ IZFI
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0 ) B e 2R [ 0 S AE 2 B X S A ()
PR F T o B R A B A T 2 (8]
B PR —MESRAE SRR R WE. Wa 5
T — T e T A A 000 R R 2 g R ) 3
EREFF W HFERT NI EER LA A
GE ARG T T SR 28 T B R K 19 TAE. Close & Closer
BERTHERAAMNGEB LR U2 A
X BE R R R AT 4 BT . DA T #E B BR R SRR AT
F9 A8 3.

A7 6 BG I O6 R A AE F AT 55 AT T
FEAE BT k. 18 o W A AR S R
AN F R 26 AT R I T A N A S R AEAE )
B R R AW GERRIE. XA RN R X E
T B AE BRI 2 k.

3.2.2 REFEBAEAE

R F A A T B B A\ Z R B 2
fa BBy 56 &, DA Ry o 1 B DR Y B A
W— 2Bl B NS AZRP LR AL EENH
MHERI BB RRMEZILLR  BARAZA
F4) 1) A T R B R

Verification

SBM

(D KR

PRI — R R EREFERE LR ET
BG83 T8 O Z PRI 2 A 28 9 4 44 i 4 A o
B — A EE R, F M, KBRS REE LRI
YER—AWF5R I 10 AT AR

Qin 25 APH X 56 28 25 B H) 2 o B B — 56 A 1)
FEIEAT T HESE B — 3 P A X X ik R 2 ok i
(RSBMD) Fl— P 25 6] 48 B2 PR AE 3 35 7 0k 156 - fff
FH AR 1 ol BOR AR 0L A8 B 1 2% 1 22 Ta) 1 AR L L
i B Hh 2 20 W2 A0L By 2 WO A B2 R SR AL B
B Z [ . Sy 1R AL B ST —
AHT A X LR A B AL, RO B A TR A
PR L R 2 ) R R B ik B
RS A fE BB LT M &R s R A
S BRFE . 5 1% G0 2 T B 4 WO R AIE 28 5 O iR A
b o 3 5 VAR IR Ao E R R R A B3R
G, 98 5 VR BRI R DX A AR R AE R 4 1
H. B JGEA T AR = T AGE 8 O & IR
PN RS 5500 PR LR AIE 2 A8 ik 1000 AN % 1S B B
2T AR 8 T R IERAT R, B R R
PR G 3 s,

Feature selection

Face image partition

Bl 3 RSBM A HE 42 B2

B 3 I SR KB = A B B R B R TSR
— B B of— A B R 4 FR 2 A & patch (i
B IF A patch H SRR — > R FRAE i 38 15
(128 4y SIFT RFAE) SR J5 # HoE 8 — 4
AIE B R AR — B BER R AR5 B B, O T8

FE B S R E N ) R patch {# H 4
(] 4% 5% WO PR BE R U7 Bk HEAT PR, ARS8 = B
FH AR A T 2 3] A2 BE R 4% 22 [A) B A Ao O A
MR b HEAT B A R B C R I,

Xia 2 APBI RN #3E T UB KinFace Ver2. 0 F
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FamilyFace W80 . 7E4F W04 . T2 A
0 L3 1 T AR AT (R R 22 3 X e O R — b
THER 23 [ W2 S SRk Rl /b 22 e A O T TR
0] 5 rh B TR I O B O R TE R AR SE T B IE
SCAR S Ay b 4R 5 — B B B 5. Chen 4
NS T AN B IE S, . A BRA AR
PRI E A A — A B RS R
—F TR H S K AEE T BoFG £m —4
HER IR — A8 IR E. B F000 A I o iy g
YR AR T B3 5. Dehghan 45
ANEV BRI TSR (D FERES 5L RE
FAAL? (2D JE AR AR AL BE iy B — 7 b b4 ) — i
Ve a4 i fid g 2 I RHIE 5 — A H 0 2
SIZMEE G 22 2 BRI RIS AL R AE , AR 2 58 1
KRB, IR B 3 & B0 R Ak 12822 BF
FEH R PR RRAE Z TA) B AH 56 1 3R AT 20 A Guo 5%
AB TR EEFRAEB MR, R LT
P iy 77 2 R B A G0 B B 2 ) 1 AR A Rl R
R B T R A R R B R
GRFR. Hop U RS ARG KRR R,
BT ER R RE R RS SRR R
TEEI Ry B R4S 2 AR T3 1 R A0 e e 1
BEIE O B0 4K 8%, B0 4, SCH 38 5] A Sibling-Face
Database il Group-Face Database % P $¢ #% P, Dai

______________

NPV — R BB EMostyle ICA B
¥ RIS EE P e R B K R LY el DN
I8 B 3 1y €2 43 T 22 ) F A D% N 56 2R 8 B A AR
CRF Bk i, Sege 25 SR W A R s
i B 0 A0 £ €0 A ST A T A L TR A T A R T 4
Wi B L 3 ELIES H B Y B34 2 A IR BB A A
Wl — AT RE A58 T 8B

HERBTFEHERT  WKEXICER I KER
ATHEGERBEGE EEADY , L EE LA ERS
T ORE AL O SRR LA BE T R TG
N Do S 22 Al R I S i R

Xof s Zhou 55 A 4 — Bl BT 09 T A B AR
FE i 25 ) ¢ (DNIND A5 5 | 3% J&8 i 2 2% ) (KML)
K FERNT mRIERE TP A ER KM
IR L EGRZ N R RN
{67 35 % AR 0P B B M BB T BRI R R . KMIL ]
Moo 5 6 [ A R 2R R AT AR, G
PR ALt & R A SR R R AR B %
X EIE A RS0 R A EL A B AW L E W
N BG . e A 38 3 fE#R A& DNN - it i 3% £z
WEREME R — M B RERET AR
HAMER, DEEARNERE RN GEET
PEATIR B B 2% ). KML 7 ik s & B & 4
Ji7s.

w;”

G £

8

£

g

Q O O ¥
O O W O
\ diversit > diversit; ' ‘\
2 O O
} 1
Quadl'uplets ----------- \‘, -------------

Child

B 4 KML ¥ EnER

TER 4 A, KinNet H — X ¥ 28 B 2% (SCBE %
T UL 43 3 SRy B A A ) AL B 2 R o SR
G M BT RS R RS DB & T
H T A0 BF- 3% 2 ) B A7 5 32 DR 4 1) 25 S DR AN

o7 2% e 5[] — [ 5 A 45 14 4 AR R 3% 5 ¥k Dy 9 O
WA WA L AR e AR R L RER
JZHEATHUR VRS SR J5 B K0 OFF B {5 B 2 5 R
JZ LA B 90 2% 2 M0, DT i 78 2 8 T J0) £k 2% fF T Y
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S5 4k /M k.

Joseph SF AU IR % HikX R B LA
U AT BF 25, B 40— b 2 8 50 R B0 WA T R E 43
IR v DL B — A e RO A S e R ) B R
(Families In the Wild, FIW) , H: 18 ¥ 4 75 78 2 {# F
WA R CNN, B 5 77 e it Ge BE 58 . 8 i
*F FIW | CNN BLRY [ 00 38 7] 3 — 25 00 v F
B ISR BRI A MR E RSB
M BT IR G REBE WA RE TR R R R
fESHE LA W CNN BAL Yan 28 A5 DLE BLA
B R A B L R — R E TR Mg
NG LRI . Z TV ENA A 28R
BB 7 L 51 AR W 4%, LR 2 KRR AE
HEAT AR 2, DA DK 3] T 0 AR 2 R RRAE /Y 3 TE
T W Ah AR —Fh g R Rk S

B,
(2) ZTLHREH

RCESICS =t S pol MR e ES
R AE 22 SR R PEAT A A DU R SRR R & il T
Ny 2 A 3 S — A B 2% e A AT 5 30 52

KA MR R ZHE. Qi e] v o 1 70000 B 45 b A9
ZIa) B AR 28 56 B —MEAS I 5T I 1) A

T EG PR R R A EEHEG R DA
Yy IeA7 L Bl ik 2 20 NI R AR - B RS LR AIE L 23 (1]
AR BRI I B 208 LA % 2 TR B o
A7k L SE AP W R R R AH E I E TR R
FRGEAT RS . 58 1y B T 0 B iy U A0 A
DAL T AR R R, UIRR WL RR
A HEEAANHE LR Kb - WAEET
KT R 5 ARG T R S ULAE B R IUAT {5 B 3
Ay R 7 FI0 . 55— A ) Y XAk A R £% (Region
Proposal Network, RPN) Az jig i X 38 | F 304k &k
A AL RIS T L 5 M A T E I RCNNLH &
D3R, AT DAFRAS B 47 F M e . Ak 28 56 2 I i I8 S AR B
2] B W A A] O SCRAAE JEAT R A0 SR —
AN B R B A B P54 (People In Social Context,
PISC). H i, & 22670 D E14.76568 P IER
FEAS DA B 9 e BRI AL 22 o0 & AU AE L B a1 5
B,

| i

First Glance M
share[weights

Attention
Module

— NN ——

2048d | 2048d |

attention weights

Friends 0.1
A Family 0.08
Couple 0.8

-p— B [

)

7 (4096-d)

FACLIE)

o

FACL

[ fcossd) |

A=

features of region proposals

weighted feature vectors

B 5 Dual-Glance 15 I 12 28 g )

P 5 MER T BT P B A AL S8 — AL A
P B A — 5K BT R DA B 0 30 FAE B I T
BB A — R B A B, i ABl = CNN
Hi. B E % CNN B DL RO B (5 B 17 §F B2
BEAUAERT RS K EE N 2RS4
KB IEIC B TR L A0 fe B 43 R B 2
56— LA S 5 AR SR 38 0 SCry S8 — A i
155 4B AT 77 458 56 R,

Zhang S ANl - R R ERE R
THEFEAE A RIS 1B 5 P BB 5 R AE AR 1L
AR E M 2 K SR R R AR IR R 2 o] — A~
ELEPNE-FRE i Erili 2 NS NS S IR
FH SR J 1 SR 5 AT O A M # B 3E AT 58 & T
M. Sun 88 ASTHRVE T A B AP i 1R R A
PR IR A P ARS8 e AR TR SE ET B AR AR 38R
F W2 JEAFTE A TANE L BT AR AL 25 22 E 5 AR Y
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TR A R R AT R W A 2R e T —
A FETF45 1 B 18 1 B0 2 (People In Photo Album,
PIPA) , @8 5 D IRAN 16 A B R, I F T 2 5l
RHIE LA S CNNLSVM S5 T7 3500 AW 26 R R B R AT
WU WAF s Zhang 558 N% 76 G m i 6ih 1 gk 2 9F 52
PNEE 3784 N A K R R b R B N N =
SRV OG R PR AL, $2 y — i ] T 1 R RS B R
SRR 2 W 4 25 0. Sy T R A LA H 2k o)
TR R R T T — 4> Be 8 M B R 1 Cn
PR R R SR IR B HO = I WAL F M % B
ok — TR 0 S L R T R P U R R R B
o 56 A SERE B AR ZE ). Sl T UM A PR R &R L AE
Siamese 578 o i AR A PUI W 45, Aimar 55 A5
BT — 5 B B 2 EgoSocialRelation, #
P B3l Rt A AT N T R T AR S
F P B 2 BN &, 78 Bugental 1< 36 i 35 7
bt ABR R RS A A SR B Ah S SR AT R
P R R R IR A R, B R A AR 2
A8 H R 1 LR 7R R G5 6 b 45 28 [A) 1 2 IR 45 W R TE

HEZRLZ Al o i — 2B+ 25 J8 1 ok 2 B, Goel 55

N Y — B AR A 4 R IR A5 P R IR — A
PRI GE— A0 AL RS 56 28 LA B S P 382 i 114 iy 39 g o 22
R AT SRG-GN JE—Fh i F 37 5 /s 1

FTFXEREHH L RRRSHNE, ZZEHT
T8 3 5 29T (Gated Recurrent Units, GRUs)
FIIE 2 BT, % 4 W 4% 22 B DA LG 22 Rl B 4 38 o6
ZPN T EA RS, EEERENE T A
HihZzm iR B % 2 R GRUSs Z [a] (19 478 31 %
Bk B,

R, LR R A RM U kst A5
HFEAE, 20 TIANHE AR R R E R EZWE R 2R
BRI RN Sz fHE 5 R M. fn B Rz
BE T BN 380 2 AR AT &5 ORI RLAF
PERE . I R B 2 B 5T A GNIN B 214 A8
KA.

Wang 45 A0 2% 82 DIERE 50 T 2008 T A
B 1 3 5 1 JR 2 T Py A D oxe e 22 5 2R R 0 1
W, e R B0 B8 5 8 2 1) 9 AR L1 AT
PAIE LA~ B 5 2 15 B R 2 0 i T 4 iy
AR S SR A B BB S B, 8 —A o 3
EIHEFEAIRL (GRMD , 2% 2] — Fh B & L. 38 o B %
B REE RREBOGER I AR BT OS2 6 1
ZEHAE R IRGE G0 2 0y LR T g 4%
(GGNIND K& 45 44 1 1 FHEUA R0 AR B8 2 22 1
ghabt b, LIAR BE A A2 OC 2R 0 JEL AR 1A A L AE 4R 4
[ 6 Jir.

t—1 =2
Q\
S
.\U' \ 7o o\%\@
o? o > )
& & label
o o N * distribution
® ‘®
! !
A, A,
Tl

Bl 6 Felde AR 22

P R 2H 40 Bt P Ak A2 00 AR I SO B 2 [R) I 6
BRI R 7 R RS R R ANE SO g R R A
13 R B 2. b B 6 mT L 1 L 48 e R R
JEROGER Y A GRM A A K DX 88§12 BURRAE I
XBERFE W] AR A 5 R L AR5 L il FH IS VI i 1
Faster R-CNN # M g5 4 48 R B B 0915 XA O
PR AE S0 46 £ A0 DL PR X 42 15 a5 e, AL
GGNN {15 s {5 B TEE P24 8 JURHME 5]
B B AL, 38 5 I e E A 1 H A S

B RBN R E R, LAY AEC ARG
B Zhang 55 AU 2% 08 8 IA I BF 7T A AE
— JE 9 JRy BRAE o BV IL6F RS Y 2 e R AL E 4 b B
THEREH RS R AYKBLR A SYWIkZ
{38 AR 2R S TR SC. AP, B — PR T R
Z R HEAE A2 OC F R G BEAE BL. 2R AR A B A
Gy e 2, WP R A0 S i KO e
EZINNCE: e P S DN Rl | S PSS e
N g DA B ek N 22 ) B 22 L B T TR P
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BRI 26 JEAT 4L 50 B HE T

ARAT M T EG R AR IR E P — R R
ZIULRANM. B —RARNERER . MEITRKEN
H RGP A B 2 Bl o0 R 2R B 2 H R B B
A& I A) B HERS L O ik LR TR L R WL R IR
A TG MAEZ JUR AR HE R B 5] A

Tt Mg I B AR RE TS T R I
3.3 ETHUHMEENHZIXRER

AR 32 BERUR R T LR AR L AL 2 R

Z FELFR 1P ) N A1 58 IR R EG T AR B L R A
T B BRI A 4, B A &
P B P b B R R BB AR AT S AR
T2 K FR A AE ) R OG FR 2 ) O T R AT
AP BRI ARG MR 6 o, Ha, v
REWRZTEXRERE RZTE. T HE
TEEHEmEmAaR EAENTDIE T TR
PESCARE DL R X R S S e R BRI AR 7
Ji7s.

k6 ETUHNERENUXXRERAZLEES

Fikard
5% ik ik REL M s BB OB R .
F BT Gan my gy FRE GNN
RoleNet[105) ﬁgg%gft BARBFWER 2000 yzme v v v v X X X
SVR-+GPIHE] ﬁ;gggiigziﬁﬁﬁ%% 2010 XEFME v v v v X X X
2D-PCA+ = JE R EBE R N
A fgﬁgiggiéfﬁgﬁwﬁ 010 %EF%E v v v v X X X
FEC[U2] ﬁggiﬁ?ﬁ;’f@f% i &5 2012 REMZE Vv Vv Vv X X X
#f | cs+Tome %;igiggmﬂﬂ%*@i 2013 EERE v v v v X X X
HE > e
ACEST) %ggg;gé‘%'ﬁ%&ﬁ%% 2014 EERME v v v v X XX
DCII+ % AR EFRE T N
C-RNN18] §%§§g$t§@§%$ A 2015 KA v v v v v X .
MV+ Spark[M6] BT ZARE A Spark H B 1158 B 245 2017 REME Vv Vv V4 Vv X X
SRE-Net[117] ﬁ;g;cg%%m%%ﬁﬁﬁ&m@ 2018 REME v Vv X v X X
StoryRoleNett¥]  £F StoryRoleNet #3138 R 45. 2018 ESYCES v Vv Vv Vv Vv Vv X
scceper G TOLM Semese WEBEBR 2o zgxm v v v v v X X
#1 puime %ggggfﬁ%ﬁi%i;m 2018 EEEM v v v v XX
;% SMNAEDS) ﬁ; jj“gﬁ;iﬁgff TERE o0 oxzxm v v v v v XX
DSN{120] i;ﬁg’%@iﬁz@ BERER o000 xzxm v v v v v v X
;E CD+ TSPGM121] %gggg;ﬁfﬁfﬁf FROE 500 xzxwm v v v v X X X
%
% CRF-LTVI22] igﬁgggjﬁmﬂﬁmgﬁ 2013 RREH Vs v v X X X
" "
FS 4 MSDL.[33] HFERFEEETIRFITAZ LR, 2018 RFAREH Vv Vv V4 V4 Vv X
5 STMVIE %ggﬁfg%ﬁ%&ﬁﬁﬁﬂw 2019 RFEFEE Vv v vV Vv X
% TSM#) %gsg;ggfgﬁ%ﬁ%%%ﬂ 2010 XEEE v v v v v % v
MSTRL?) %;iggig%&m@%w% oo xzxm v v v v v X v
e ETHERBIIACHZEAN 0n xzxm v v v v v v X
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xT RAFEMEXLEMELE

RALHE E )
RoleNet Role’s social Networks
SVR+GP Support Vector Regression+ Gaussian Processes

2D-PCA-+CIIPA

2D-Principal Component Analysis—+ Correlations
ITierarchical Parsing Approach

FEC Film-Editing Cues
CS+TC Cumulative Similarity+ Temporal Constraints
ACES Active Clustermg with Ensembles [or Social
structure extraction
g Deep Concept Ilierarchies—+
DCIC-RNN Convolutional-Recursive Neural Network
MYV + Spark Multi-View+ Spark
SRE-Net Social Relation Network

StoryRoleNet

Story Role Network

Siamese-like Coupled Convolutional

SCCED Encoder-Decoder
DML Distance Metric Learning
SMNAE Supervised Mixed Norm regularization
AutoEncoder
DSN Deep Siamese Network
CDLTSPGM (C}(Zx;ipltv[ lzzictors+’femporal Smooth Probability
TVI Tractable Variational Inlerence
MSDL Multi-Stream Deep Learning
STMY Spatigf’:emporal attention model based on
Multi-View
TSM Two-Stage Model
MSTR Multi-scale Spatial-Temporal Reasoning
NM Neural Model

3.3.1 RAFHEHE
R AAFAE AN E LI FIWT A P AW 2 8] 2

TAFAE R AR IE M W) 55 2 M 4. 5 Hiy i 7F 7 6 o
FUUT =Fs 00 58— 0 T BT A Z (8] R R B 5
WIS BIALR Jr 58 0 AW Z A 5L 0E
B BRI B I R B R 5 = A Z A
(2% 2R 46 ARLAR A9 5 7 % B pm L.

Weng 5 AN EF b K 5 A7 6 40 52 [ R JF AL
AT IREHEREE PR AORR BT —ME
5 F I I A (O AL 28 R 2% 19 5 85 B Ol RoleNet.
HT RoleNet REMS PATIH Lo X B MR T 248 1Y
BT RAE Y J5 5. TR T AR B A Ry BR
R JE AWy Z (8] AL 22 50 & 0 i OF B9
32 A DA BT AL A X BT L SRl e . A Ll A
XU R A IR R R TR TR R
FRI i 2 43 ) 07 vk, B4, Ding 28 AT i S0 S
I 58 [B] 9 %ot 0 5 1T B S SRy S AR AR 3 A A5 T, AT
Xt LR A O Z B SR R AT = RS TR 3 f
8] SRRy o i P e o R B SR 2 ) XX
B IE PEEAT S BT AR 2 B R A R AT A
S 2 AT FR B A T R B A X o A X
#. Yuan S¢ NS AT PO ROCHR 2 P AE L

HESR AL T B 5 B AT T 1. Oy T E L Ll
FH N S 0 R B % 3% o T T Ak 3L U] A 2D-PCA
Ry &%, A e R — P T B 0S5 Rk
B 7 B, B R A AOC R . Yeh £
ANPGRS W 8 s 2 1)
L 55 B 3L B AR B ok Ay & T AN R AR 2 T Y
KATTEAR L EE A R R AR 2 8] 19 28 B L 3t
PRI J7 v TR B SC. X L 48 Hh — b ) A PR R BT R 4k
REAEENNH TR IFTEER EHEMA A
ML W 4. Ak 38 R T — AR A A s s i 1t
SR 4 ok S I f okt 22 4R BE Y W A RE ¥ . Chiu 48
AU T R R WSk s sh R BOE R
FH N 300325 ke R 400 ] — A 0 i 9. ) B o 1 3 4 o
T T I T R A AN R R T A TR A
B2 A AR L. SR )5, ZE B [A) 2 3R L Al [, g
MM R A, Barr 28 AR T R R
ZH AL A9 B AR R B W A S W 28 A A Y T ik T
14 ok B AN [ A A I A AL L 4 4 T R — S R
A B R 2. B A B B i A AL R 4 iy —
AR RS R DB S AT Ok B Rk
R [ N S 3 UL T 5 e ROk 0T IR A
BT —FHY B R R AR R P X R D
NI ras el F R R T EEa O e SR G I = (R T TR D)
A5 A T AL A BE AR R 4% 45 1. Nan 45
NEIH T DCH 04 Bk J9 i 28 190 £ (C-RINND L
RS R A W 2 18] By A 2SI 45 3647 40 . DCH # A
25 B 55 HE K B LR N L B 1 S AR AL 2
R G I S R A R SR RIS B &
R 2 ] 2 L R R B0

SR bR J7 3k R S8 N W A0 IS 2 Sk A
Y AL W T AR P AL 38 1 SRR, TR L 25 5 i
B N 6 2R 2 AN HERR I I 42

S, Lv 2 AP # 1 T — 4 StoryRoleNet #&
B P TR A — A B 58 R Y 9 48 ok ROR A 8 22 (]
WIOC 2. T4 T B 80T R R R ST I A X
KEAWPESATE R, FERER T RAH B ER
JL B S Z R R IUATT B R . BE R, 8
1o o3 BT LA B 2 R AE B2 1 1 — P BT B R A AR i
FoFTTBE RGO TR — SRR R AT,
FERL TN F 5 SCA A TEE B R R R M. B o
Xof g £ I 2% AT 40 A o AT ¢ A DR R A
SRR 25 PEAN (O F T =B W R — K F AL R
StoryRoleNet BLRIHEZLE 41 & 7 Frw.
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Story segmentation

ot Y

Social network construction

ko _EY
;= Sesl U o

; [isn" (i. 7}]

m, = i(;ﬁp,“q.q =Cs =0-m))
o

Bl 7 StoryRoleNet 1 FI 4 41 & 7

BT R LU S = AR 40 AR
AbBE AL E O ) FI RN A 45 H ) StoryRoleNet
B AL SR 5 BT 58— B 4 A R B A B R
FIH DeepID F1 SVM J7 gk 347 AR A 0 14328, 58
43 StoryRoleNet B8 6355 7 A F £ 55 - il
53 AL S R g by . Hrp R AR R T 4K
W TRk AT 25 EAT 20 SR AR B SR UG AT R 3 4y
B AL R 2R A B S R A B 2 R SRR
ALEE ARG T 4R 8 AL B B{E M A A G R R 2%
55 BB A W AL BE I 2% 43 M 32 B HE— 25 R A L X
KA Lovain J735 & BAL X, J5fl BT 4k ok [ & 4
DXE5 R R 85 2 40 P g 2 T 445 v Y T A

Zhou 5 AU Y TR A 6800 BRI AL BT I 4%
Jik. T e S E R ARG e B Bl bR AT
T4 B sl BB I . AR, 7 2 f Rl
X et W AT M. BeJE 7 Spark P&
BB R AR A A BdE s S T B IR AT
S He A Zhou S AT B R (0 AR O ik
(Method of Character Nodes Recognition, MoCNR)
FH 100 W5 B R A AR AL 3258 R G B B3R 2
J7 U A A B R AR Y R AR R DUAE D AR P
B BRI A L R O TR R AE A
[F] A0 A3 T o TC i R ) A A 6 R I TR R 4R
— I T B A E AL A OC BRI O kL RS L 4
A FaR R —F SRE-Net BRI, Sz LU B shit
WS FITE e

A AL T I O R AT AE ) 58 IR AT A

KPR 2 2 DA B 2 WS T I g B A A oF B
T HINFEE WRIEE B, Hd iR ki 2
P 5 . ST R AR AW Z AL AR AE R RO
MR AL AE R R 45

3.3.2 RAEBEAE

KRBAHE BB P A Z a1
] 26 BB OC R HEAT ) Wi . T ZE A B0 T AR B 2= )
HLTRY, ORE AT DA v 2618 A5 B T 12548
B AT G b B R AL PN YL AR S R AT A
EATIRIF R R — R A ME TR R,

(D H—KFR

R — R R E BRI R R LRI, T4
Kk ETEGE B ERLERPIGE T 25,
SR TR T B R R R R A2 — A4 8
B B RS R, AR % A W RS B 4 ) 4
A Fh BT A LA AR RN R AL R, 2 R
TR B0 36 & 2R AR AR — A B A B 5t
[ 77 1) BT BESE.

Hamdi™* 5t 3¢ Z 28 8 ) @ I 31— 6 & W) A
AT TR VP TR — X 56 B iR 1E W
MG, 2% 2 — AR E TG BN ER
K F I TR AE . i, #E PP 2L Siamese
W GE N mAE M. A THRERLATW
FRALBE S, [R] A 4l 57 ¥ A R TR R R N 2 [A) AT
PIMZER A A S E M s RAE S W g LT
— PP EE R R R S T — A, &
TRFAE X L H 2% 6o BT 2% 2 W SRAE 3 AT 0. %



6 £ EOIES: BTEEBMWMG

B e K R B AT A ok 1185

RIS H] T — b 05 DC D 7 325 . DA B /A 36 T8 T
FEE 2= 0 D TE B2 . AE B AR 3h A AR 1k 3
il b5 P W Sl T O A 2R R R i AT

Output

Maxumze
rm ari

Mmumze

. Slmdanty
ull Connecmn
R
x ~ Encodmg

ress1on
tchmg

ecodmg

Matching

Input: Kin 1 (Father)

Shared Weights

Expression__, |

Br. BEAR EPRAE T -ER R R SR TR SR AR T Y
JE SR SR 2 1) SR LA L B R A B AR A0 4 ] 8
PR,

Output

Ximize
- F lar%

Minimize
Decodmg Slmllan

ull Connecnon
Encodmg /
|i Expression

Matching
Input: Kin 2 (Daughter)

Bl 8 Mg AT M 250

TEE 8 L E K L T 9 s A B A 5
TR R N 26 K W 482 2 A SRR R R4 E
o G2 0F B TR R A1 W 22 () B e dte. R T B R R B
(1) P T A AL e G A B TR 8% 1) RS T 4% ) — A
L5 55 JB A B B TR AR R ek
AE5F B X AE AL SRt 8 SCTT R A L) L AR
5. Gt IR )5, KB, JE K B A X L
KRB EED eEES L. R 8 5 T RE
PR A8 2 BRI LA WG B 1 O SXORHB TS 1 TR 4% 3
TH0R . o5 > Tt & B DS L 13 50 %0 14 )5 55 4%
ST

Yan 25 AN 2] F K 5 86 A5 rh 1 5
JB KRR IE R AT B 5T 1 40, B 1B — o i AL A
AESR 4, % KFVW (Kinship Face Videos in
the Wild). S8 J5 . 2 T 5 O 82 th iy vl 0 JU b 2 ik
RO RS2 T . Bea . P A ER L RN
RE T AT VR4, & B ZE IR A R O Mt
JE 2 IR k. Kohli 28 AP 8  — AN IR I
o) HE SR, FR O MR EBHIR A W BCE N b B 4 B A%
(SMNAE), EEJE T %0 UE T 29 540 30 o 1 5% R
KRR, H, 5] A—PhRe 28 51 i 0 A 25 50 . %
S 8 00 ZR MEAT SR E 5 ) P LA r 2 30 3 (¥ b 23
Forn. Wu 88 N0 2 7 B ol 4 B i R R R R
TR AR RE S G TS, mos /e T 4
B F s TALKIN(TALking KINship), E@l&
TEEEFRE. RGBT EAERBRRMEES
Bl R — N RE R Siamese W45, LKW, A
PR B R 2 A S R B I Siamese
W £ S T B RS A

(2) ZILFEHR
IV 1 22 T 0% 22 5 B BT LR Hh A2 AE 1 2
AL AR R AEATII L AU ET 558 K R M
L B 2 PR 45 A 56 06 R PR A HR B TR
TN Z. AUA P A AN — 2 A [ — i (B
BOR 5 3RA5  F HLAAR o 58 B S BT BE H A 0
8y Bl T S RO B A L R A 2 T A
s*ca‘é%%%%ﬁum&.
Lv % N5 56 R 2 B0 5 i 22 D6 % 2 ) J
HAT TR, B4 O T R MK R AR 2 2 | At 58
KAZFMMFERE RS BE T —Fh T 29/ 0
B SEAL(STMV) , (3% $L8% (1 RGB., G i A
DG HVR R TS B R B 4 38 Ok R AR R
S T SRR T AOTE e, A DR R
MEATTE. o> 0 T U B AL K R s [a) 1
ZMRAE . SI AR RS 2, % Z WA RIEZ
AR A . R (Y R A SR A P 9 BT e
f@] 9, STMV A 32 B2 fy = 4 41 1, 4
By B s R BB S MR D AT AR R A A R
T 4G fiff P A B e 2 I 45 ok B UL FE RGBL 6 3 A
D 7E N I 2200 F AR AE L N T 2R RS B R A
R ARHEFR R, HR O T i B AL R XA
{4 3042 (LSTMD SR B 58 2 90 9 1y i [ 45
fiE s 3 HAEH: 2 S s 5] A 2481 38 ) e, it
P 7 20 AT LKA A B — A BT X A AR 6 R
122 J7 11 ) A 15 R AIE 26 % 5 A T 440 88 A I 4% 0 A7 1%
RS PAL K R W R A Uit s A T
Al A Z WA HRAE . 51 A 5K B @l & 2 2 S S 1E 2 (8] 1
A2 HAEH.
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Flow |:>CNN LSTM .
E—

Face

|

: |

|

|

|

) | Tensor Fusion
I ¥
a |

e .
SH =
= 'z
8 L
|| | &

= |

g |

£

8

E |

|

|

Bl 9 STMV #EZIHESE

Ding % AN 2o i FIHE 2 77 43 1) 8 SR R s
P B A i) 8 P R T el R AR ) ARE 2 A
L IPEENE N D AR R AR WSS M. T %t
S 58 Z A AL AC 08 R HEAT 40 B DA RO AL X BE A7 A
I it B A ik ] S 3 0 A 3% B L 8. Ramanathan
S NTBE  — A A TR R BB AL 38 g B i
BB, Ry TR € R] (A ELVE R AR S SRR A L
YA B R T ANRIAL 2 R R A, RE R F A5 IR H
FEAS Sy 8 R i A T NS A A LR FR R
BR. R T e R] ) HE BT A AU A B DA R a0 B AR B A 1
BN & T — FhoR] Ah B AR 4 4 W Ly SF
Ny T R A N 38 26 2R AU A E 1 Bk
i, B2t — AN Al ZRSE B S R AL Hs,
—A™ B B A5 B 4R 42 (Social Relation In Videos,
SRIV) ik — A4 A 16 Fhdh 22 3¢ & 45 % 19 B 3%
B R N T A 20 A I N T 2 () DL R A A
FEAETE SUAE B W 48 1 2 0 TR A S B iR
At R R, B 5 I BINE R IEXER
fif FH O 48 18] 09 3E A7 45 5 E 0 R ) A A2 8 &R
Kukleva 8 AM 88 — R IR B FE SRR
AU ¥R, 52 T AR £8 2 [A] A ELVE R RIOC R L 4 I p
SRR LI R B 61 R0 A % 1 B 2N R 4
W7 2R B B8 {5 B A T 28 B4R i B aE
B H AL I Ah LR AT L2 ) R A R B e
B € [l 2R 35 PRI M BB 1 15 00 T 7 FH 39 4
ZETIN AE H AR FR.

SATHT . B3R TT ¥ KI8T 4 R MUHLRL B B RHE .
2T AL R R R 2 ) A B R AL
U AR EZHZ A L HEEE R, G E K
BAF T BB ) A 55 2 (8] 1 20 3R A 45 e 38 4

TEARAT I | A5 43 105 R R R
R AR, KRB H M GNN 33 4 i 5)
Sy 14 0 5 56 I o VR L A A S AT 55 AT gD
iy By T R g JEL gt L X S Ty 1k o T o N B0 L
LA 55 .

X, Liv 28 AP T — A 25 RUBE I 2 fE 38
FEHL(MSTR) X 442 56 2 #EAT A 32255 8 ) W
i DG B W 9 o7 AN ] AR A — T, LA
J b 25 T A AT R Sl AR 28 6 AU 1
W X s A R 42 R SRR R AR B A 2 R
I ) 43 B ) £ (T'SIND 1 A 4 4 2 i) 1 1 8 2R R
DU FH T 1 = B R R X )3k, o T RS
B R RS, R R R E SN
2 (PGCN) A7 25 KU 36 Wig J iy g [ 4 B e e 5
Fhs gk, MSTR "] LUTEN 25 48 B2 b0 2 RBEAT S A
BCFE AT IR R R M B A S OC R. MSTR
Ry AR HE SL R N 10 B s

e 10 H, MSTR B & F 61 45 356 4. 56—
o = B SE A R R I AE R DL — N A B
A T IR R B DX SR AR AR R AR AR YL
Mask R-CNN 7£ MS-COCO % #4 F o475 # b B,
AT BT S AR . Sy T AR P R 1 s
TKon A FE B A & Intra-Person & (IntraG) , 24
AW A B Inter-Person & (InterG), I #) &
Person-Object B (POGY, DL 3 A S5 ¥R H 77,
K ResNet $& BAFI Y44 119 25 [ Rp 15, 55 — Rk
K PGCN TE4:A & b 3 o 18 5 A% 4 047 ¢ R 4
HL AL, SR TSN g T-C3D 4 4 Ja #7325 )
4%, 2] 2R RE. B 5 85 A TSN I & R FR1EF1
PGCN [y 4 BURRAE 05 400 H 19 4R 58 € 3R BEA T T30,
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Video Clip

Triple Graphs

Video-level Feature by

Pooling over Nodes
Pyramid
Graph
Convolutional | > []
Networks
Pyramid ]
Graph
Convolutional | ] :> Colleague
Networks
1| Weighted
Consensus

:

Bl 10 MSTR #5 A HE 2L &

Dai 55 A9 F 41—~ W B BEBEAL (TSMD L 2 %
T R i WA K 2 2 B R AT S g
BB CEE. RSB B O TR AR R MR
TR 5 43 B I A FRAE A SO G 0E B AT IR 78
5B B B R SO G M LA ) e 2 (R S
XA 32 R RN AR L 5] A GGNN AT R 7R,
T SRR R 5T AR TE2E 5 A I,
M R BT IR

AR AR 2R R K B A — S R T
KA T W AT IRIE 2T RIS T
HEIAT 47 B i A 1 B v b 2% L HEE £
JLRFRFNE 8 I A A P 2 R 4% 0 B S Y R
L5 B - AR EL PR R A 2 T 0 35 R 4R 71 35 B AT
FEAT iy B A LA 4

4 £ I

TEATT o, F A T BRI AR AR Bt
2K 2R AR (W PRI kL BROHE A DA K S I AT A
B A48,

4.1 HENHFENR

H T EEFUE B 04 28 00 R 2 a4
5 I L A PE A 48 b« UE B 2 (Accuracy) K B 3
(Precision) .4 Bl & (Recall) . F1 {H (F1 measure) .
(B2 %5 | (mean Average Precision, mAP). fE4)
HBEDTFM R J R A4 R
B 8 Fs.

*8 REEM

SRR
1 0
1 TP FP
%
B . N T~

Hir, T(True) RFEMH.F (False) R FH IR P
(Positive) {83 1 (TEAEA) N (Negative 4,3 0 (£
FEAD . ZERRATHAL &5, TP K78 43 2R IE # 09 1E AR
B FP RAR DB RV IEREARL, TN RR52E
EH AR FN 2R 2 4518 10 R4 5L

(D Hemy =

BT VR B R AR R B RE AR, N AE B R 4
bR R AR

A B TP+TN .
ey TP ¥ TN+FP+FN

HERS A — A% PR 48 45 . (IR A 2 B
TP 18 4 o TR Ay FE R A R 357 M 1 55 B 0F R e
. B3I A T Y8 s 2 (Balanced Accuraey)
HHEAR N

Balanced Accuracy =

TP T
hXTP+FN+(LJOXTN£gP
He g TL0, 1] A WIBE R T R 8UE MRS
JEE N T L R L1/ 2.

(2) K%

JI VRS A SR R EL SRR A TEARA |5 B A T
M g5 REREAR B E T EARX N

TP
Precision = TP 7P (3)

Y 2 R R I T PE A TR R R B X
JREBHEAT A, BGS TR AE A Y 0 P

(3) A [l 5

B 1 18] 320 R e 0 O B AR A R B S )
LA EREA R A AN

TP
TP+FN

(2)

Recall = (4

(O F1{E
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F1{E 2 IR 50 20 13 (] 200 FE b i, 0 & 2 1) Hdr,C A% H .
M E W, A HAMY R R F1 BN TS R R, (5) BHE IR

17 HL ik 25 p A [0 38, Ay 3 ) AR 2 Ay B IS 3
e E A AR
2 X Precision X Recall
Precision +Recall

Y0P W (REE AL I s <3 | BT PR | =P e B
Pl A T E AR E FL(Fl_macro) fl
8 F1(F1_micro), Ab B & 23 2K [ FE i 7] LB HOF
WA 2k R, F1_macro F1 F1_micro & L4
F 1B FEAE 1 P9 > 18 4 1 11 53 07 i A A 72 XL
Fl_macro XEAZKH M F1 E 0 3 #1718 G RF
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